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ABSTRACT

Submerged aquatic vegetation (SAV) is an important component of many
temperate global coastal ecosystems. SAV monitoring programs using optical remote
sensing are limited by water clarity and attenuation with depth. Here underwater
acoustics is used to analyze the water volume above the bottom to detect, map and
characterize SAV. In particular, this dissertation developed and applied new methods
for analyzing the full time series of acoustic intensity data (e.g., water column data)
collected by a multibeam echosounder. This dissertation is composed of three
separate but related studies. In the first study, novel methods for detecting and
measuring the canopy height of eelgrass beds are developed and used to map
eelgrass in a range of different environments throughout the Great Bay Estuary, New
Hampshire, and Cape Cod Bay, Massachusetts. The results of this study validated
these methods by showing agreement between boundaries of eelgrass beds in
acoustic and aerial datasets more in shallow water than at the deeper edges, where
the acoustics were able to detect eelgrass more easily and at lower densities. In the
second study, the methods developed for measuring canopy height in the first study
are used to delineate between kelp-dominated and non-kelp-dominated habitat at
several shallow rocky subtidal sites on the Maine and New Hampshire coast. The kelp
detection abilities of these methods are first tested and confirmed at a pilot site with
detailed diver quadrat macroalgae data, and then these methods are used to
successfully extrapolate kelp- and non-kelp-dominated percent coverages derived

xvii

from video photomosaic data. The third study examines the variability of the acoustic
signature and acoustically-derived canopy height under different tidal currents.
Submerged aquatic canopies are known to bend to accommodate the drag they
generate in response to hydrodynamic forcing, and, in turn, the canopy height
measured by acoustics will not be a perfect representation of canopy height as defined
by common seagrass monitoring protocols, which is usually measured as the length of
the blade of seagrass. Additionally, the bending of the canopy affects how the blades
of seagrass are distributed within the footprint of the sonar, changing the acoustic
signature of the seagrass canopy. For this study, a multibeam echosounder, a current
profiler and an HD video camera were deployed on a stationary frame in a single
eelgrass bed over 2 tidal cycles. Acoustic canopy heights varied by as much as 30 cm
over the experiment, and although acoustic canopy height was correlated to current
magnitude, the relationship did not follow the predictive flexible vegetation
reconfiguration model of Luhar and Nepf (2011). Results indicate that there are
significant differences in the shape of the return from a deflected (i.e., bent-over)
canopy and an upright canopy, and that these differences in shape have implications
for the accuracy of bottom detection using the maximum amplitude of a beam time
series. These three studies clearly show the potential for using multibeam water
column backscatter data for mapping coastal submerged aquatic vegetation while also
testing the natural variability in acoustic canopy height measurements in the field.

xviii

INTRODUCTION

In many coastal and estuarine environments worldwide, seagrasses and other
submerged aquatic vegetation (SAV) are an important part of the ecosystem, and
therefore it is important to accurately map and monitor their spatial distribution and size.
While many researchers and environmental agencies rely on optical remote sensing
data, such as aerial or satellite imagery to map SAV, this dissertation examines acoustic
detection of seagrasses and kelp. Acoustic methods for mapping SAV can be of
particular importance when optical methods of SAV detection are inhibited by turbidity
or water depth. Many existing acoustic methods use single-beam and sidescan sonars;
however, the three studies presented in this dissertation use raw echo intensities from a
multibeam echosounder (i.e., water column data) to map and characterize eelgrass
(Zostera marina L.) and kelp beds in the Gulf of Maine. This work combines remote
canopy-sensing algorithms for single-beam echosounders (Beduhn and Dijkstra 2011;
Beduhn 2012) and terrestrial canopy mapping approaches for LiDAR data (e.g., Lee et
al. 2011; Yang et al. 2011; Allouis et al. 2012; Hunter 2014; Fricker et al. 2015) to
extract points from the water column data representing the top of the SAV canopy and
the seafloor, and then calculates a measure of canopy height by calculating the
difference in height from these canopy detections to the seafloor beneath (e.g., a
surface difference).

1

The overarching goals of the work presented here were to:
1. Develop a methodology for mapping seagrass presence/absence and
characterizing the seagrass canopy height above the seafloor below using a
multibeam echosounder.
2. Extend the methodology used to map the canopy heights of eelgrass to mapping
kelp beds.
3. Understand the natural variability of the acoustic signal of the seagrass canopy
with changing tidal currents, time of day and observation geometry to inform both
the uncertainties associated with methodology developed here and “best
practices” for acoustic mapping in areas of seagrass in general.

This first chapter provides background information on the importance of SAV in
the coastal community and on existing methods of SAV mapping (with a focus on
acoustic methods), and then lays out the structure of the dissertation. Chapter I
presents a new method for mapping and measuring eelgrass beds using water column
data from a multibeam sonar. Chapter II extends the mapping methodology developed
in Chapter II to mapping kelp habitats in the Gulf of Maine. Chapter III examines the
natural variability of the acoustic returns from an eelgrass canopy, especially with
regards to the response of the canopy to tidal currents. The conclusion of the
dissertation presents the overall conclusions of all 3 studies, a set of best practices, as
well as ideas for future research.

2

In this dissertation, the term “seagrass” will refer to all species of seagrasses,
and the term “eelgrass” will specifically refer to species of the genus Zostera.
“Submerged aquatic vegetation,” or “SAV,” refers to any submerged vegetation, both
plants and macroalgae, in all ecosystems including freshwater, brackish and saltwater
systems. Although technically different, the terms “sonar” and “echosounder” will be
used interchangeably to mean entire acoustic systems including the transducers,
amplifiers,and digital signal processors.

Why map SAV?
Submerged aquatic vegetation plays many important roles in the coastal
ecosystem. When viewed from the perspective of ecosystem services, defined as
natural processes or roles that directly or indirectly benefit human well-being,
livelihoods, and survival (Costanza et al. 1997; De Groot et al. 2002; McLeod and Leslie
2009; Costanza et al. 2014; Nordlund et al. 2016), seagrass meadows provide services
worth over $28,000 per hectare per year (Costanza et al. 2014). These services include:
providing habitat for important fish species (Orth et al. 1984; Lubbers et al. 1990; Beck
et al. 2001; Heck et al. 2003; Lazzari and Stone 2006; Gorman et al. 2009; Carroll and
Peterson 2013; Lilley and Unsworth 2014; Stevenson et al. 2014; Nordlund et al. 2017);
improving water quality (Ward et al. 1984; Moore 2004; Sokoloff 2009; Lamb et al.
2017); primary production (Nixon and Oviatt 1972; Duarte and Chiscano 1999); carbon
sequestration (Fourqurean et al. 2012; Kennedy and Bjork 2012; Garrard and
Beaumont 2014; Arias-Ortiz et al. 2018); and coastal protection through sediment
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stabilization and wave attenuation (Fonseca and Fisher 1986; Gambi et al. 1990;
Fonseca and Cahalan 1992; De Boer 2007; Bos et al. 2007; Koch et al. 2009; Ondiviela
et al. 2014; Gracia et al. 2017; Paul 2017). Another important type of SAV in the coastal
ecosystem is kelp. Roughly 25% of the world’s coastlines are dominated by kelp
(Steneck and Erlandson 2002), and it provides many ecosystem services as well. These
services include: habitat for many species, some of which are harvested commercially
(Carr and Syms 2006; O’Brien et al. 2018); food for herbivores, detritivores and filter
feeders (Duggins and Eckman 1994; Krumhansl and Scheibling 2012); marine nutrient
cycling (Krumhansl and Scheibling 2012); and modifying waves and currents near
shorelines (Gaylord et al. 2007).
The health of seagrass beds, in particular, can also be an important water quality
indicator because they are very sensitive to changes in water quality and water clarity
(Burkholder et al. 2007; Bricker et al. 2008). These changes are often due to such
factors as increased suspended sediments, or nutrient loading and subsequent
eutrophication (Hauxwell et al. 2003; Dennison 2009; Nelson 2009).
Under The Clean Water Act (section 304a), the U.S Environmental Protection
Agency (E.P.A.) is charged with developing guidance for state and local water quality
criteria that reflect the latest scientific knowledge of the effects of pollutants on “plant
life,” which includes seagrasses (Nelson 2009). This has led to a significant research
effort to develop seagrass-based nutrient criteria by scientists and regulatory agencies
nationwide (e.g., Dennison et al. 1993; Short and Burdick 1996; Lee et al. 2004;
Trowbridge 2008; Latimer and Rego 2010).

4

These nutrient criteria are often based on the spatial extent of seagrass beds and
thus water quality monitoring for regulatory agencies has become a large driver of
seagrass mapping programs. Additionally, seagrass beds are protected under the Clean
Water Act section 404 from adverse effects of dredging projects (e.g., federal projects
routinely carried out by the U.S. Army Corps of Engineers) and any other shoreline
construction project expected to negatively impact seagrass beds (e.g., a private
homeowner installing a dock). If these activities are to result in the loss of seagrass
beds, they must be accompanied by compensatory mitigation restoration projects (U.S.
Army Corps of Engineers New England District 2010). This results in the requirement to
know the exact spatial extent of impacted beds and thus one of the most widely-used
acoustic seagrass mapping technique was developed by researchers with USACE (e.g.,
Sabol et al. 2002).
The implications of SAV habitat loss compel regulators and resource managers
to monitor the abundance, distribution and relative health of SAV beds within their
jurisdiction, both to prevent further losses, and for documentation of changes in water
quality. Inadequate or inaccurate mapping of SAV can lead to the destruction of this
important habitat by coastal development projects such as submerged pipelines or
cables (Tyrrell 2004). Additionally, in order to assess changes in an SAV population due
to changes in water quality, storm events, and human impacts on the coastal zone, a
spatially-explicit baseline dataset must be available. Knowledge of the locations within
an area where SAV presently exists and existed in the past can also help the spatial
planning of restoration programs (Orth et al. 2010)
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Eelgrass & Kelp Characteristics
This dissertation mainly focuses on the development of methods to map the
distribution of eelgrass, and then extends the methodology to mapping kelp beds.
Eelgrass, Zostera marina L., is the most common seagrass in the western North
Atlantic (Moore and Short 2006). Eelgrass, like all seagrasses, is a rooted vascular
plant that grows in soft sediments (e.g., gravels, sand, and mud) in intertidal and
subtidal coastal and estuarine waters. Each eelgrass shoot has several blade-like
leaves which can be anywhere between 20 centimeters and 2 meters long, with a
typical length of 80 centimeters and a typical width of between 3 and 12 millimeters
(Moore and Short 2006). The morphological characteristics of shoots in an individual
bed are driven by the physical characteristics of the habitat such as wave regime,
current speed, tidal range, substrate type, nutrient availability and light availability
(Figure 2). The minimum depth limit of eelgrass at a particular location is usually
controlled by the tidal range and wave regime, and the maximum depth limit is
controlled primarily by light availability. Typically, Z. marina occurs as a monoculture,
meaning it does not usually co-occur with any other seagrass species. Eelgrass can
exist as continuous beds or discrete patches as small as 1 m2.
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Figure 1: A single eelgrass shoot, with only above-ground anatomy present and labeled (i.e., no roots or
rhizomes are present) (author’s photo).
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Figure 2: Two quadrats (both 0.5 m2) in eelgrass beds from sites with varying physical characteristics
(author’s photos). The top image is from Duck Harbor, Massachusetts, a very exposed, coarse sandy and
gravelly site with significant wave energy, which leads to more ephemeral beds with shorter blade lengths
and patchy coverage. The bottom image is from the Great Bay, New Hampshire, a site with less wave
energy and muddy sediments and therefore longer blade lengths and consistent coverage.

Unlike eelgrass, kelp is rooted by a holdfast that attaches an individual to a rocky
substrate (Figure 3). Similar to eelgrass, the morphology of kelp species in the Western
North Atlantic is driven by wave regime, current speed, nutrient availability and light
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availability. The common kelp species Saccharina latissima L. grows to between 2 to 8
meters in length, with typical length of 4 meters in the Gulf of Maine, and a width of
between 40 to 250 millimeters (Dijkstra et al. 2017; Vettori and Nikora 2017). Figure 3
shows another common kelp species in the Gulf of Maine, Laminaria digitata. Unlike
eelgrass, kelp species are co-located with other types of macroalgae species in the Gulf
of Maine.

Figure 3: A storm-stranded specimen of the Gulf of Maine kelp species, Laminaria digitata, with a closeup of the holdfast attached to a small cobble.
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SAV Mapping Goals
The objectives of an SAV mapping and monitoring program should determine
which environmental parameters and plant characteristics will be documented.
Identifying these objectives and the scale of monitoring required to detect the relevant
changes in SAV growth and distribution early on will drive the type of data to be
collected (Neckles et al. 2012). For example, in Pleasant Bay on Cape Cod,
Massachusetts, the conservation goal is to protect estuarine resources from the effects
of increased watershed development, and the specific seagrass conservation goals are
to maximize both seagrass distribution, and seagrass growth and production (Neckles
et al. 2012). These stated goals require both large-scale mapping for distribution and
also measuring much smaller-scale growth parameters such as shoot density, canopy
height, and biomass.
The most pervasive threat to estuarine ecosystems in this geographic area is
excessive nutrient loading (Bricker and Ruggiero 1998; Nixon et al. 2001). Excessive
nutrient loading threatens eelgrass beds through the attenuation of light in the water
column by promoting the growth of phytoplankton, epiphytes and nuisance macroalgae
(Dennison 2009; Waycott et al. 2009). Decreased light availability can cause declines in
seagrass population growth characteristics such as canopy height, maximum depth
limit, bed size, percent cover, shoot density and biomass (Nixon et al. 2001; Hauxwell et
al. 2003; Neckles et al. 2012).
Management objectives such as nutrient management require SAV mapping and
monitoring across multiple spatial scales. The distribution of SAV can be determined
over large spatial areas (e.g., mapping), but determining the growth characteristics of
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SAV in an area often requires data collection on a much small spatial scale (e.g., diver
sampling). In order to comprehensively monitor a large spatial area, it is desirable to
maximize coverage while also collecting data about growth characteristics such as
canopy height, percent cover and biomass.
Monitoring and mapping the maximum depth limit, or “deep edge”, is important
for detecting changes in eelgrass populations associated with water quality because of
the limited light availability at these depths due to normal light attenuation in the water
column (Duarte 1991; Gallegos and Kenworthy 1996; Neckles et al. 2012; Balsby et al.
2013). Detecting the deepest edge of seagrass beds is critical because a decrease in
water quality will affect the deepest plants first.

SAV Mapping Methods
There are three main categories of submerged aquatic vegetation (SAV)
mapping: physical surveys, optical remote-sensing surveys, and acoustic remotesensing surveys (Table 1). To date, none of these methods can successfully quantify
range and abundance quickly and cheaply in all environments; therefore, most
monitoring campaigns combine multiple techniques depending on goals and resources.
Each of the methods above differ in resolution, from centimeters (e.g., acoustics or diver
surveys) to tens of meters (e.g., Landsat).
Physical surveys involve collecting data via divers, snorkeling, or from the beach,
and, while the most verifiable and detailed surveys, these are very time-consuming
methods. Additionally, a high amount of interpolation between sampling sites is required
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if a large-scale coverage map is desired (e.g., Sabol et al. 2002; Neckles et al. 2012;
Hossain et al. 2015). It is important to remember that the remote-sensing techniques
described in the following paragraphs will also always need some amount of groundtruthing via physical survey methods.
Optical remote-sensing methods include aerial and satellite photography surveys
(Ackleson and Klemas 1987; Short and Burdick 1996; Macleod and Congalton 1998;
Costello and Kenworthy 2011). One of the main advantages of optical remote sensing
surveys are that they can cover large spatial areas in a short amount of time and thus
can be cost-effective for data collection. There are also several freely available
datasets, such as Landsat satellite imagery, that have proven to be useful in mapping
seagrasses (Hossain et al. 2015). Hyperspectral imagery has the potential to
discriminate both among seagrass species, and between seagrass and macroalgae, but
currently it is cost prohibitive for many agencies and researchers to collect (O’Neill et al.
2011; Casal et al. 2012b; Hossain et al. 2015; Pu et al. 2015; Pe’eri et al. 2016). The
ability of optical remote sensing methods to detect and map SAV is often hindered by
any environmental conditions that block light transmission such as clouds and high
turbidity. These limitations also often render these methods unable to detect the deep
edge of seagrass beds. A comprehensive review of optical remote sensing studies for
mapping seagrasses can be found in Hossain et al. (2015).
Optical remote sensing methods have also been used to map the distribution of
kelp and other marine macroalgae. Aerial photography has been used for decades on
the west coast of North America for mapping kelp beds, due to the tendency for these
species to grow up to the water’s surface (e.g., Jensen et al. 1980; North et al. 1993;
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Van Wagenen 2015). Satellite imagery, including Landsat imagery, has also been used
in these settings, and hyperspectral satellite imagery in particular has been used to
develop a spectral index for biophysiological parameters of kelp production and growth
(Cavanaugh et al. 2010; Bell et al. 2015).
To allow detection of the deepest edge of seagrass beds on a reasonable time
scale, vessel-based remote sensing surveys can be performed. Vessel-based remotesensing surveys involve the use of equipment, usually acoustic or video, attached to a
boat or submersible. Although the use of a towed video camera system has given
detailed information with respect to species composition and abundance, the processing
of these video data is time consuming and, like aerial photos, the quality of the data is
often limited by water clarity (McDonald et al. 2006; Lefebvre et al. 2009; M. Paul et al.
2011).
A key benefit of using acoustic methods is that they can aid in detecting the
deepest edge of seagrass beds because they are not limited by water clarity, whereas
aerial photographs are often incapable of deep edge detection due to the increase in
water opacity at depth (Costello and Kenworthy 2011). Additionally, acoustic methods
have been found to be more effective in detecting and mapping large areas of seagrass
in the turbid conditions encountered in many estuaries (Hossain et al. 2015).
Hossain et al. (2015) highlight the need for more research into methods that
combine physical, optical and acoustic methods, and into how to directly connect
measured seagrass parameters (e.g., distribution, density, etc.) to coastal
environmental changes that have management implications. When planning a seagrass
mapping campaign, three important things to consider, in addition to environmental
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conditions and technological capabilities, are: budget, temporal resolution, and capacity.
However, while it is the role of researchers to develop new technologies and
methodologies for mapping seagrass and other SAV, the actual use of these methods
by the end-users (i.e., resource managers) often comes down to non-technical details
such as cost (Hossain et al. 2015). Changes in seagrass distribution can have important
management implications, and detailed change detection requires multiple consistent
surveys over time (Kaufman et al. 2009). As an example, for many years the Piscataqua
Regional Estuaries Partnership (PREP) conducted a high spatial resolution aerial
survey of seagrass beds every 5 years, and in the intermediate years, conducted a
lower cost and lower resolution aerial survey (Short and Trowbridge 2010).
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Table 1: Table of seagrass mapping methods categories with relative advantages and disadvantages
Mapping Methods Category
Physical Surveys
•
•
•
•

Diver Surveys
In-situ sampling
Observation via boat
Walking or snorkeling
surveys from the
beach

Optical Remote Sensing
•
•
•
•
•

Mostly off-water
Aerial photography
Satellite Imagery
Unmanned aerial
systems (UAS)
Video

Acoustic Remote Sensing
•
•
•
•

Mostly on-water
Side-scan sonar
Single-beam sonar
multibeam sonar

Advantages

Disadvantages

•

Most direct and verifiable for
small area

•

Time consuming if collected
over broad spatial area

•

Can be used as ground
validation for remote sensing

•

Requires significant amount
of interpolation over large
spatial scales

•

Provides detailed information
on a wide variety of growth
and production parameters

•

Broad spatial coverage

•

Not effective in areas with
high turbidity

•

Some data is freely available
•

Can be hindered by
atmospheric or tidal
conditions

•

Deepest edges of SAV hard
to accurately map
(excluding video)

•

Requires ground validation

•

Potential for hyperspectral
methods to discriminate on
species level

•

Not reliant on water depth,
atmospheric conditions or
turbidity

•

Less spatial coverage than
aerial or satellite imagery for
amount of time collected

•

Potential to map 3D structure
of beds (i.e., canopy height)

•

Requires ground validation

•

Can consistently resolve deep
edge of beds

•

Many methods are not
commercially
available/require technical
expertise
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SAV Mapping with Acoustics – A Review
Acoustic mapping methods can be very useful in areas where large-scale
optical methods such as aerial or satellite imagery are not usable for the mapping of
submerged aquatic vegetation (SAV) or for detecting the deep edge of SAV beds. There
are commercial packages available for collecting and processing acoustic data for
vegetation mapping, and these have generated a great deal of interest from ecologists
and resource managers. To date, there has not been a comprehensive literature review
of these acoustic studies and tools. Hossain et al. (2015) included acoustic remote
sensing in their review of literature pertaining to remote sensing of seagrass
ecosystems; however, acoustic methods were not examined as deeply as optical
remote sensing techniques and topics such as the acoustic data processing algorithms
themselves were not discussed.
Over the course of the research for this dissertation, an attempt has been made
at cataloging and reviewing all available literature on this subject, and the results are
presented in the following text. The reviewed studies were organized by sonar type and
then by the type of standard data product (e.g., bathymetry, backscatter, waveforms)
that the authors used to detect seagrass.
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Figure 4: Multibeam sonar geometry, with along- and across-track directions noted, as well as
nadir/vertical incidence. (Original figure from Mayer et al. 2002).

Before discussing the reviewed literature, it is important to describe the types of
sonar systems most commonly used to map and characterize SAV. For a more
detailed description of the technical characteristics please refer to Appendix B.
Single-beam echosounders (SBES) collect data only at vertical incidence (i.e., a
single beam pointed directly down), providing detail in the along-track and vertical
directions, but with no angular discrimination and often limited across-track coverage
(Figure 4; Table 2). The interpretation of vertical incidence data from SBES systems is
well studied and understood, and these systems are usually less expensive than other
types of mapping sonars. Sidescan sonars (SSS) provide high resolution acoustic
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backscatter images of the seafloor and broad across-track coverage, especially in the
shallow water where SAV tends to grow, due to the broadside orientation of two wide
beams from the transducer. Thus, SSS systems can provide high range and along-track
resolution. If the assumption is made that the seafloor is flat this translates to high
across-track resolution. Vertical information is limited to the interpretation of cast
shadows and thus of limited use for canopy height estimation for larger beds. Multibeam
echosounders (MBES) collect data along a series of beams arranged in an angular
swath across the track of the vessel (Figure 4; Table 2). MBES systems have become
the standard for most acoustic seabed mapping, including habitat mapping and
hydrography, because they can provide high resolution bathymetry and backscatter
imagery in a broad swath across the track of the vessel with fine angular resolution.
When discussing MBES data, the term “nadir” refers to those beams which are pointing
in the vertical down direction (Figure 4).
Overall, 62 papers were examined, some of which used experimental algorithms
and processing methods, and some of which used commercially available processing
software. Of the papers reviewed, 32 used single-beam sonar, 13 used side-scan
sonar, 12 used multibeam sonar, and the remaining studies used either unique or
experimental sonar systems; it should be noted that a number of the studies reviewed
used more than one type of sonar (i.e., they made comparisons between systems or
used complementary datasets for more complete seagrass mapping). The SAV of
interest for most of these studies were seagrasses or freshwater vascular plants; only 6
studies explicitly mapped macroalgae. A complete list of all the reviewed studies can be
found in a table in Appendix A. Although almost all studies used sonars that were
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mounted on small, manned boats, two studies used autonomous underwater vehicles
(AUVs) as the platform for their sonar of choice (Siccardi et al. 1997; Vasilijevic et al.
2014).

Table 2: Commonly-used sonar system types for mapping SAV with simple conceptual diagrams.
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Physical Basis
The physical basis for using acoustics to map seagrasses is the specific acoustic
impedance difference between gas pockets in the structure of the seagrass blades and
the surrounding water column (Sabol et al. 1997; Lyons and Pouliquen 1998; McCarthy
and Sabol 2000; Warren and Peterson 2007). The specific acoustic impedance
difference is a product of the density and speed of sound through each and this makes
seagrass a strong scatterer (Lyons and Pouliquen 1998; McCarthy and Sabol 2000).
The presence of gas in the tissues of seagrasses make their blades buoyant, and
therefore more buoyant species are more acoustically reflective (Sabol and Shafer
1996). However, to date, models for the exact mechanisms of scattering from seagrass
blades have not been successfully developed. The scattering from the seagrass above
the seabed can be so strong that the seabed, or any other targets within the seagrass,
are sometimes totally obscured and therefore not detected in the acoustic return signal
(McCarthy and Sabol 2000; Sabol and Johnston 2001; Sabol, Burczynski, et al. 2002;
Sabol et al. 2007; Beduhn 2012). Long before hydrographic echosounders were being
used to target and map eelgrass and other submerged aquatic vegetation, hydrographic
manuals noted that these plants were capable of interfering with these instruments’
ability to delineate the seafloor (Miner 1993).
Mapping SAV
The earliest studies using acoustic instruments to map and measure the height
and biomass of submerged aquatic vegetation were conducted using single-beam
echosounders and were conducted in freshwater lakes (Maceina and Shireman 1980;
Maceina et al. 1984; Duarte 1987; Thomas et al. 1990). The two earliest papers used a
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fathometer (e.g., a simple single-beam echosounder) to estimate the height, percent
cover and biomass of Vallisneria americana (Mich.) and Hydrilla verticillata (Royle) by
manually delineating the areas of SAV on paper echograms from transects across the
water body. The biomass predictions were derived by calibrating plant height to field
biomass measurements using predictive regression models (Maceina and Shireman
1980; Maceina et al. 1984). Duarte (1987) and Thomas et al. (1990) also used paper
echograms/transects and similar predictive modelling of biomass based on empirical
relationships between vegetation height and biomass in a number of lake submerged
vegetation communities. These same techniques were then used to survey eelgrass
beds in the turbid estuaries of northern California by both the state for seagrass
monitoring (Echeverria and Rutten 1989; Spratt 1989) and by the USACE for assessing
the impact of the improvement of a navigation channel on eelgrass beds (Miner 1993).
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Figure 5: Idealized acoustic time/depth series, with labeled bottom return in the absence of SAV or other
scatterers

While some of the more recent SAV mapping studies do manually delineate SAV
from acoustic datasets, many also use automated SAV canopy detection algorithms.
Some of these algorithms are similar to the process of bottom detection or bottom
picking, in which an acoustic intensity profile or time series is processed to identify the
water-seafloor interface or “bottom”. For single-beam echosounders and the near-nadir
beams of multibeam echosounders, bottom detection is usually based on finding a
threshold amplitude or a center-of-mass amplitude. In this process, first the entire
bottom return is found, bounded by the leading and trailing edges of the return (Figure
5); these boundaries are determined by where the signal goes back below a threshold;
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often the estimated background noise level is used as the threshold. The length of the
bottom return itself is controlled by the beam footprint, the transmit pulse length, and
scattering processes at or near the seafloor. In vegetated areas, the bottom return
contains both the seafloor and vegetation returns, and the bottom return itself is
elongated because of the scattering within the canopy. Sometimes the scattering within
the canopy is so great that it acoustically obscures the seafloor beneath, i.e., a naïve
bottom detection algorithm fails because the maximum amplitude is actually within the
canopy itself (Figure 6).

Figure 6: Sample acoustic profiles in areas of dense eelgrass, bare seafloor, and sparse eelgrass. Note
that in dense eelgrass, the maximum amplitude is not at the seafloor (~6m) but in the eelgrass canopy
itself. Note here that the approach used in this dissertation will detect the seafloor in all 3 eelgrass cases.
Also note the elongation of the returned signal in eelgrass due to scattering within the canopy.

The most well-known and most often-used acoustic method for mapping
seagrass was developed by Bruce M. Sabol and others at the USACE Engineer
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Research and Development Center in 2001. This system, called the Submersed Aquatic
Vegetation Early Warning System (SAVEWS), consists of a digital single-beam
echosounder, a GPS receiver, and processing software designed specifically for the
detection and mapping of SAV (Sabol et al. 1997). The algorithm used in this system
has been commercially marketed by BioSonics Inc. as the EcoSAV software (Sabol,
Burczynski, et al. 2002; Munday et al. 2013). This algorithm looks at the shape of the
echo intensity signals returned from each sonar ping to determine the depth of the top
of the canopy and the depth of the seafloor (Sabol, Melton, et al. 2002; Sabol,
Burczynski, et al. 2002). The assumptions made for this algorithm are: 1) the seafloor
generates the strongest echo with the most distinct peak, which is not always the case
in very dense beds; 2) the seafloor does not change much in depth from ping to ping,
unlike an SAV canopy; and 3) SAV will appear as a contiguous vertical echo above the
seafloor with an echo strength below that of the seafloor but higher than the surrounding
water column (i.e., Figure 6, third panel). Therefore, the canopy and seafloor detection
routine begins with identifying the mode of the location of the primary peak in echo
intensity, determined by the sharpest rise in 10 to 15 pings. This is the reported bottom
depth for this reporting cycle (Sabol and Johnston 2001; Sabol, Burczynski, et al. 2002).
The algorithm then searches upward from the bottom through each echo for a
contiguous signal above a user-set threshold to where that signal then drops into the
“quiet zone” attributed to the water column (Sabol, Burczynski, et al. 2002). The
reported canopy height for each ping is the difference between the bottom depth and
the depth at which the contiguous signal drops down to the background noise level.
Essentially, then, the algorithm is using a measure of echo length to detect and
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measure SAV. Each ping is qualitatively characterized as “Bare” or “Plant” depending
on a user-set height threshold for canopy height (Sabol, Melton, et al. 2002). The
average canopy height for 10-15 pings is reported for each GPS record; additionally, a
measure of percent coverage is estimated by taking the percentage of these 10-15
pings classified as “Plant” (Sabol, Melton, et al. 2002). The user can also set a depth
threshold, below which vegetation is not expected and therefore a ping cannot be
classified as “Plant”; note that this does build an additional assumption about SAV
distribution into the classification scheme. SAVEWS, in both its USACE and BioSonics
implementations, has been used to map a number of different SAV species in a wide
variety of different environments in both saltwater and freshwater systems (Sabol et al.
1997; Valley et al. 2005; Valley and Drake 2007; Sabol et al. 2008; Stevens et al. 2008;
Gaeckle 2009; Sabol et al. 2009; Ferrier and Berry 2010; Barrell and Grant 2013;
Munday et al. 2013; Barrell et al. 2015). Canopy height measurements from SAVEWS
in some freshwater vegetation and tropical seagrass beds have been shown to be in
close agreement with measured canopy heights (Sabol, Melton, et al. 2002).
Although SAVEWS is the most common digital single-beam echosounder and
algorithm used to map SAV, it is not the only one that has been used. There is a long
history of commercial systems designed to map and characterize seafloor type based
on the waveform of the returned acoustic signal (Lurton, 2002). Some of these systems
have been used to map SAV as well. Five of the reviewed papers used the seafloor
characterization called QTC Impact to successfully map SAV, and even discriminate
between seagrass and macroalgae (Moyer et al. 2005; Riegl et al. 2005; Preston 2006;
Shumchenia and King 2010; Reshitnyk et al. 2014). QTC Impact characterizes the first
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returns, after depth compensation, based on 166 proprietary waveform properties, and
then clusters the data using principal components analysis (Preston 2004; Preston
2006; Reshitnyk et al. 2014). The result of this algorithm is a segmented map based on
the classes output as a result of a principal components analysis. Ground-truthing data
such as underwater video and grab samples are then used to associate each acoustic
class with a habitat or seafloor type. Although this type of “black-box” software is useful
in mapping SAV, it is empirical and does not document the specific waveform properties
associated to SAV; therefore, the classification scheme it develops is site specific. The
seafloor characterization software RoxAnn, which uses waveform properties of the first
and second returns, has also been used to map kelp forests in the turbid coastal waters
of the North Sea (Mielck et al. 2014). Although both approaches can successfully map
SAV spatial distribution, neither system generates estimates of canopy height.
There have also been scientific studies that use single-beam echosounders but
do not use these commercially available software packages. They detect vegetation by
examining the waveform of the returned acoustic signal using statistics. Tȩgowski et al.
(2003) looked specifically at three statistical parameters of the waveforms related to
echo length and “smoothness” and found they were well-correlated to SAV presence: 1)
the moment of inertia; 2) the spectral width; and 3) fractal dimension. The method was
paired with sidescan and multibeam echosounder data and used with some success to
map macroalgae in fjords in the Svalbard archipelago (Kruss et al. 2006; Kruss et al.
2008). Beduhn (2012) tested and modified bottom detection algorithms from the
University of New Brunswick’s TracEd program (Dijkstra 1999; Dijkstra and Mayer
2000) for both more consistent bottom detections in areas of eelgrass and for the
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possibility of mapping eelgrass presence. Beduhn (2012) used the last peak amplitude
of an averaged waveform as the bottom detection point, and a higher rise time (i.e.,
distance between the last peak amplitude and the leading edge or break point) as an
indicator of eelgrass presence (Beduhn and Dijkstra 2011; Beduhn 2012). By selecting
the last peak amplitude rather than the maximum amplitude, this approach is able to
detect the seafloor even in dense eelgrass, and was specifically designed to map the
canopy height of SAV. This approach will be discussed in greater detail in Chapter I.
Although the most used and well-understood automated detection programs for
SAV are for single-beam echosounders, there is the significant disadvantage of limited
coverage. Single-beam echosounders are only able to insonify a narrow track directly
beneath the vessel while pinging at a high rate; this leads to an ability to resolve
patchiness well in the along-track vessel direction but not across the track. However,
single-beam echosounders are the only systems that are commercially developed for
SAV mapping, and they are often much less expensive than sidescan sonars or
multibeam echosounders.
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Figure 7: Schematic of a sidescan sonar system, with simplified resulting imagery below. Note that in this
schematic the sidescan is on a vehicle towed at depth behind a ship, but that when working in shallow
waters where SAV is expected, the sidescan may be directly mounted to the vessel itself. (Image credit:
https://oceanexplorer.noaa.gov/)

Sidescan sonar has been used for many years for mapping seagrass beds.
Sidescan has the capability to provide wide coverage in the shallow waters where
seagrasses tend to grow because the sonar transmits and receives from two side-facing
arrays that form beams that are very wide in the across-track direction and very narrow
in the along-track direction. Seagrass has a very distinct texture in backscatter imagery
from a high resolution sidescan sonar and the high frequencies at which these sonars
are operated are scattered and reflected well from seagrass blades (Figure 8). Most
studies that used sidescan sonar reviewed here did not use automated classification or
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segmentation software, but rather manually delineated the areas of seagrass on
mosaicked sidescan imagery based on visible intensity and textural differences
(Pasqualini et al. 1998; Komatsu et al. 2002; Shono et al. 2004; Sagawa et al. 2008;
Casal et al. 2012a; Montefalcone et al. 2013; Vasilijevic et al. 2014). A few studies did,
however, use the sidescan-compatible version of the QTC Impact software, called
Sideview, which similarly segments backscatter imagery using proprietary image
characteristics and principal components analysis (Shumchenia and King 2010; Norton
2012). Although sidescan sonar can provide high-resolution imagery, it does not provide
vertical or depth measurements, and therefore it does not provide a means of
measuring the structure or canopy height of the SAV.
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Figure 8: Example of sidescan sonar imagery collected in an area of patchy eelgrass and sand ripples
(from Norton 2012)

Multibeam sonar has become the standard in acoustic seabed mapping, and has
been used widely in seafloor habitat mapping studies (Brown and Blondel 2009; Brown
et al. 2011). The mapping of seagrass habitats is no exception, with 16 studies using a
multibeam echosounder (MBES) to map seagrass habitats. The studies reviewed here
primarily use the bathymetric and backscatter datasets from these systems for their
analysis. Because of their high reflectivity with high frequency sound waves, bathymetry
collected with a shallow water MBES in dense seagrass can underestimate the actual
bottom depth when the bottom detection algorithms pick the canopy rather than the true
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seafloor (Sabol et al. 2007). Although this presents problems for accurately mapping the
seafloor in areas of dense seagrass, this feature has been used to map the spatial
distribution of seagrass. For example, bathymetric roughness can be used as an
indicator of seagrass presence on a patch of seafloor known to be otherwise flat and
sandy or muddy.
Komatsu et al. (2003) is the most oft-cited example of using an MBES to map
seagrass distribution. In their work, they manually edit bathymetric data into two
surfaces: one representing the seafloor, and one representing the seagrass canopy.
The criteria used for this editing is not explicitly stated, but one can assume, based on
the figures provided, that the seafloor was interpreted as being relatively flat and the
seagrass as being a rougher texture higher than the surrounding flat seafloor. Abukawa
et al. (2011) used similar manual editing of bathymetric data to separate seagrass
detections in the water column from true bottom detections. Komatsu et al. (2003) used
surface differencing between the canopy and seafloor surfaces to obtain the canopy
heights and volume of the water column occupied by seagrass. The volume was then
used to estimate biomass for the study site when calibrated by in-situ biomass
sampling. Bathymetric roughness has been used as an indicator of seagrass presence
in other studies as well (Hamana and Komatsu 2016; Wallace 2017). Hamana and
Komatsu (2016) and Di Maida et al. (2011) used maps of depth range and the 95%
confidence level within a grid cell as measures of the depth variability and therefore the
roughness of an area; these maps are easily produced within any hydrographic
software package and therefore have the potential to produce maps of seagrass
distribution rapidly after data collection (i.e., less time needed for post-processing)(Di
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Maida et al. 2011; Hamana and Komatsu 2016). However, the key assumption when
using bathymetric roughness parameters as a measure of seagrass presence is that
seagrass is the only feature creating roughness on the seafloor, and that the
surrounding seafloor is smooth with no rock ledges, etc. (Wallace 2017). Another
source of uncertainty in using bathymetric data to detect the seagrass canopy is that the
bottom detection in the canopy is inconsistent. Additionally, when bathymetric points are
flagged as being part of the canopy, they are not necessarily at the top of the canopy,
and therefore the resulting canopy height measurements may not be accurate.
MBES backscatter imagery has been used extensively for seafloor habitat
mapping (Brown and Blondel 2009; McGonigle et al. 2009; Lurton and Lamarche 2015).
In addition to mapping seagrass based on visual signatures in backscatter mosaics, the
high angular resolution of shallow water MBES systems has enabled the development
of seafloor characterization schemes based on the angular response of the seafloor.
The angular response of the seafloor is related to the properties of seafloor that control
how sound is scattered or absorbed from its surface (Fonseca et al. 2002; Fonseca et
al. 2005; Fonseca et al. 2009; Lurton and Lamarche 2015). Relative to bare seafloor,
seagrass has been found to have a weak angular dependence for backscatter intensity,
i.e., the backscatter of the seagrass canopy does not change very much as a function of
the observation angle, probably due to a high amount of volume scattering (Lyons and
Pouliquen 1998; Lyons et al. 2009). Angular response has been used for identifying
areas of seagrass habitat (Micallef et al. 2012) and areas of macroalgae (De Falco et al.
2010; Hasan, Ierodiaconou, and Monk 2012; Hasan, Ierodiaconou, and Laurenson
2012). In the habitat mapping literature, object-based image analysis of backscatter
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imagery mosaics has recently gained popularity; however, only two studies could be
found where object-based image analysis was applied to backscatter data in areas
where seagrass and macroalgae were present (Kruss et al. 2015; Ierodiaconou et al.
2018).
Sabol et al. (2007) evaluated the performance of a multibeam echosounder in
dense eelgrass and also investigated the use of the system for mapping eelgrass. They
suggest that by maximizing coverage (i.e., 400% overlap), and therefore maximizing the
number of detection points per grid cell to approach a statistically large number of
detections, more detections are likely to detect the seafloor rather than the canopy. In
particular, they suggest that using the maximum depth operator in the gridding process
will approximate the seafloor and the minimum operator will approximate the top of the
canopy. By differencing these two surfaces, they achieved a layer that closely matched
the eelgrass distribution, although the estimated canopy height was roughly half that
estimated by the SAVEWS system at the same site. Sabol et al. (2007) also included a
concise list of recommendations for future research for maximizing the use of MBES in
dense seagrass, some of which are driving interests of this dissertation. One of their
recommendations is to further investigate the environmental factors affecting the
performance of the MBES, particularly regarding the orientation of the blades relative to
the acoustic incidence angle as it affects the target strength of the seagrass (Sabol et
al. 1997). The orientation of seagrass blades is controlled by hydrodynamics, blade
flexibility and blade buoyancy (Luhar and Nepf 2011). Another recommendation made
by Sabol et al. (2007) is that the collection of raw echo intensities (i.e., water column
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data) from a multibeam echosounder should be collected over SAV and processed
using new digital signal processing methods for bottom and SAV detection.
Several of the reviewed studies used less-common acoustic systems such as
those used for measuring current velocities (e.g., an acoustic Doppler current profiler)
and in fishery species identification (e.g., a split-beam echosounder). Split-beam
echosounders were used by two studies reviewed here (Jordan et al. 2005; Kruss et al.
2006; Karpouzli and Malthus 2007). Kruss et al. (2006) used the waveform analysis
tools developed by Tegowski et al. (2003) to detect macroalgal species in a fjord, and
Jordan et al. (2005) used the echograms from the split-beam echosounder to manually
delineate habitat types that were correlated by underwater video data.
Warren and Peterson (2007) used a vessel-mounted acoustic Doppler current
profiler (ADCP) to map the distribution, coverage and canopy height of eelgrass by
treating the amplitude time series from the four beams of the ADCP as acoustic
amplitude time series like those collected with a single-beam sonar. First, the four
beams are averaged together and then the resulting waveform is analyzed in a manner
similar to the SAVEWS algorithm (e.g., maximum intensity bin is the seafloor, depth bin
with largest change intensity from the bin above it flagged at the top of the eelgrass
canopy).
Lefebvre et al. (2009) and Paul et al. (2011) developed a seagrass mapping
system using a towed video camera and a sediment imaging sonar. The sediment
imaging sonar is a mechanically-swept single-beam system, with each sweep collecting
52 acoustic waveforms over a sweep angle of 46.8⁰; however, only the middle five
beams closest to nadir were averaged, and the resulting waveform was assessed for
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seagrass presence and canopy height, similarly to the SAVEWS system. The algorithm
used in assessing seagrass presence or absence begins by assuming the bin with the
maximum intensity is the seafloor (as in SAVEWS and Warren and Peterson) and then
assessing whether the average of the intensity 10-15 cm above the seafloor exceeds
the user-set intensity threshold to determine the presence or absence of seagrass. The
canopy height derived from this method was also used as a measure of species
discrimination across three seagrass species, when paired with the distinct preferred
depth range of each species (Paul et al. 2011).
Overall, many different acoustic technologies have been used to map SAV. In
particular, many studies focused on mapping seagrasses. Some of the main
weaknesses of these previous studies are that they: 1) were tested at a single time and
location; 2) were limited in either spatial coverage (e.g., single-beam echosounders) or
vertical resolution (e.g., sidescan sonar); 3) they did not discriminate between seagrass
and macroalgae; and 4) they were not automated or easily available to the SAV
mapping community after development.

SAV Canopies under currents – How are canopy height measurements affected?
Many of the studies that use acoustic technology to map SAV (including those
presented here) attempt to characterize the canopy height of the SAV of interest.
However, the current velocity over a seagrass canopy has an effect on the posture of
the eelgrass that, in turn, affects the acoustic response of the eelgrass and acousticallymeasured canopy height (Sabol et al. 1997; Sabol et al. 2007). Seagrasses, and other
submerged flexible vegetation, lay over (e.g., deflect) into more streamlined positions
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parallel to the seafloor to accommodate the hydrodynamic drag force of currents. Luhar
and Nepf (2011) developed a mathematical model for how SAV blades change their
posture in response to unidirectional currents. According to this model, eelgrass blades
with typical morphological characteristics bend to a deflected height of less than half
their length under a current speed of 0.05 m/s. When an acoustic survey is conducted, it
is likely that the seagrass is in some stage of deflection due to currents, and therefore
the canopy height measured is actually the deflected canopy height. For comparison,
the canopy height currently used by most ecologists is collected by physically
measuring the length of a representative number of blades. This leads to uncertainty in
the length of the actual plants being surveyed driven by the hydrodynamic conditions at
the survey location.
The model calculates blade posture and deflected blade height based on a force
balance between the posture-dependent hydrodynamic drag and the plant’s stiffness
and buoyancy (Luhar and Nepf 2011). While having been extensively tested in
laboratory settings, the Luhar and Nepf model has not yet been tested in the field on the
canopy-scale. In order to use this model to “correct” acoustically-measured deflected
canopy heights to a blade length measurement, the reverse calculation would have to
be performed, e.g., the blade length would be calculated from the deflected canopy
height and current velocity data. The third chapter of this dissertation compares the
bending model results for plants found in the field to acoustically-measured canopy
heights collected through a range of current speeds.
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Multibeam Water Column Data
Bathymetry and backscatter measurements from multibeam echosounders
originate from processing a time series of raw echo intensity data in real time, but only
recently have advances in data transfer and storage technology provided a means to
record these large datasets, known as water column data (Colbo et al. 2014). Water
column data have been used in many different oceanographic and hydrographic
applications including: fisheries (e.g., Mayer et al. 2002; Brehmer et al. 2006; Gurshin et
al. 2009; Weber et al. 2009), zooplankton assessments (e.g., Cox et al. 2010; Church et
al. 2017), gas seep mapping (Jerram et al. 2013; Weber et al. 2013; Schneider von
Deimling et al. 2015; Wilson et al. 2015), least-depth determination over wrecks (e.g.,
Hughes Clarke et al. 2006; van der Werf 2010; Wyllie et al. 2015), physical
oceanography (e.g., Best et al. 2010; Simmons et al. 2010) and kelp mapping (e.g.,
Kruss et al. 2008; McGonigle et al. 2011). As more manufacturers are enabling the
recording of the full water column dataset, the only remaining logistical limitation is the
large data storage capacity required for collecting this type of data, with data rates in the
gigabytes-per-minute range.
Water column data provide a synoptic slice of the water column with high angular
and range resolution (Figure 9). In its most basic form, it is an image formed by the
collection of individual time-series of acoustic backscatter intensities along every beam,
each of which is collecting data at a particular angle from the transducer (Hughes
Clarke 2006). Water column data can be displayed in either time-angle space (Figure 9
- top) or depth-across-track space (Figure 9 - bottom). In these images, the backscatter
intensities are presented in grayscale (or other color maps) and there are some
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consistent and important features. In areas of flat seafloor, the seafloor itself is
represented as a flat feature in depth-across-track plots and as a parabolic trace in
time-angle space. For beams away from nadir (i.e., not directly below the transducer or
vertical incidence), there is also a series of echoes shallower than the seafloor
beginning at the minimum slant range. These are the near-specular reflections from the
receiver beams’ sidelobes. It is these sidelobe artifacts that limit near-seafloor
detections, such as that of vegetation, in the water column in the outer parts of the
swath away from nadir (McGonigle et al. 2011).
Water column data have been used for detecting SAV (mostly kelp) in previous
studies (Kruss et al. 2008; McGonigle et al. 2011). However, none of these studies were
performed in seagrass beds, and none explicitly attempted to measure canopy height
by using a detection algorithm.
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Figure 9: An example of water column data collected over a flat seafloor as part of this research, in TimeAngle space (top) and Depth-Across-Track space (bottom) with the seafloor and receiver sidelobe
features labeled.

For all three of the studies that comprise this dissertation, the same multibeam
sonar system was used to collect water column data, the Teledyne Odom MB1. It is a
small, compact lower-cost multibeam system meant to be used on small vessels in
shallow water (Figure 10). Appendix B reviews the system parameters driving the
resolution of both the MB1 and multibeam echosounders more generally. Table 3
contains the relevant system parameter specifications for the MB1.
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Figure 10: MB1 multibeam transducer with attached sound speed sensor
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Table 3: System parameter specifications for the MB1 multibeam sonar system

SYSTEM PARAMETER
Frequency
Length of Tx Array

MB1 SPECIFICATION
170-220 kHz
(200 used in most cases)
10.16 cm

Length of Rx Array

15.75 cm

Pulse Length

50 – 600 µs

Number of beams

Type of Signal

10 – 512
(120 used in data collection)
Equiangular or Equidistant
(Equiangular used in data collection)
Continuous Wave (CW)

Range Resolution

3.75 – 45 cm

Along-track Beam Footprint Extent

0.65 – 1.3 m @ 5 m water depth

Across-track Beam Footprint Extent

0.5 – 3.2 m @ 5 m water depth

Area Insonified

0.08 – 0.15 m2 @ 5 m water depth

Beam Spacing

Organization of the Dissertation
Three separate, but related, studies were written as individual research papers,
each containing its own Introduction, Methods, Results, Discussion and Conclusion
sections. Overall, these papers combine to provide important information about what is
possible when state-of-the-art acoustic seafloor mapping technology is applied to
mapping SAV. Individually, each chapter approaches a different set of challenges
encountered when mapping SAV, including mapping the maximum depth limit, mapping
the 3-D structure of an SAV bed, and environmental variability at mapping locations.
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Chapter I evaluates MBES water column data collected over a number of
eelgrass beds with different densities, coverages, canopy heights, and substrate
conditions. These data were processed using bottom and canopy detection built from
the work of Beduhn (2012) and Dijkstra (1999). The first objective of this chapter is to
evaluate the use of a novel bottom canopy detection methodology for mapping the
maximum depth limit, canopy height, and functional type (i.e., eelgrass vs macroalgae)
of SAV. The second objective of this chapter is to compare and contrast the results of
the acoustic mapping method to the more commonly used results of an aerial-imagery
based mapping program. Canopy heights estimated from the acoustic data are
compared to those collected in the field by ecologists as part of the SeagrassNet
monitoring protocol (F. T. Short, McKenzie, et al. 2006; F. T. Short, Koch, et al. 2006; F.
T. Short 2017b) and acoustically-mapped distributions are compared to those derived
from a well-established annual aerial eelgrass mapping program in the Great Bay
Estuary in New Hampshire.
In Chapter II, the methods developed in Chapter II are extended to the coastal
macroalgal habitats of the Maine and New Hampshire coast. This habitat type
represents a significantly different environment than those surveyed in Chapter II and
thus it represents an important test of the applicability of these methods. MBES data
were collected over a number of macroalgal habitats in New Hampshire and southern
Maine representing a range of macroalgal assemblages. The potential for using the
acoustically-measured canopy height for discriminating between kelp-dominated and
non-kelp-dominated habitats is evaluated. These canopy heights and classifications are
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compared to species and canopy height data and georeferenced benthic photomosaic
imagery collected by divers at the same sites within the same season.
In Chapter III, the effects of environmental variability on the acoustic return from
eelgrass is investigated. Specifically, the effect of tidal currents and light conditions on
seagrass posture and on the acoustic returns from a multibeam echosounder are
investigated through a stationary field experiment. In this experiment, a single swath of
eelgrass canopy is observed with a multibeam echosounder over a number of tidal
cycles, encompassing slack tide to flow speeds of up to 0.25 m/s, as measured by a
current profiler. The tidal current velocity had a corresponding effect on the posture of
the eelgrass that affected the acoustic response of the eelgrass and the acousticallymeasured canopy height, and significant differences in the returns from upright and
deflected canopies were observed. Observations were used to test the blade posture
model developed by Luhar and Nepf (2011). Because the driver of the acoustic
response of the seagrass canopy is physically driven by the gas in the blades that
results from photosynthetic activity, the acoustic backscatter varies with changing light
conditions as well. The backscatter from the canopy was coincidentally measured over
a range of light conditions over the duration of the experiment; the effect of light levels
on the backscatter was also investigated.
The dissertation concludes with the overall conclusions of all 3 studies, and
provides future directions and research questions for the methodology developed in this
dissertation.
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CHAPTER I
MAPPING EELGRASS CHARACTERISTICS USING MULTIBEAM SONAR SYSTEMS

Abstract
Eelgrass is an important part of many temperate coastal ecosystems and is often used
as a bio-indicator for water quality. Many eelgrass monitoring programs using optical
remote sensing are limited by water clarity and attenuation. Here we use underwater
acoustics to analyze the water volume above the bottom as well as extend the depth
range to which acoustic mapping of eelgrass can be performed. We have done this
through analyzing the full time series of acoustic intensity data observed by a multibeam
echosounder. We developed processing algorithms to extract the bottom and top-ofcanopy detection points within eelgrass beds and created models of the bottom and the
top-of-canopy. Canopy heights derived from these surfaces were compared to blade
lengths measured in the field. The difference between the observed canopy height and
blade length measured in situ increased with blade length as expected as the blades
are laying down in response to currents. Eelgrass distributions derived from the acoustic
datasets were also compared with eelgrass distributions derived from aerial imagery.
Results indicate that boundaries of eelgrass beds in acoustic and aerial datasets agree
more in shallow water than at the deeper edges, suggesting that acoustic methods can
extend aerial datasets into deeper water. These differences are due to the ability to
acoustically detect eelgrass at lower densities than in aerial imagery as well as the
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differences in horizontal positioning accuracy and inherent differences in data collection
methods. This method also showed potential to discriminate between predominant
eelgrass and predominant macroalgae areas, a useful complement to optical remotesensing techniques that cannot often distinguish between the two functional types.

Introduction
Seagrasses play many important roles in temperate coastal ecosystems. They
are primary producers, supplying organic compounds and oxygen as byproducts of
photosynthesis (Orth et al. 2006). Seagrass ecosystems have recently come to be
viewed as globally important blue carbon sinks (Fourqurean et al. 2012). While they
occupy only 0.2% of the area of the world's ocean, they are estimated to sequester
approximately 10% of the yearly carbon in the ocean (Fourqurean et al. 2012).
Seagrasses are also often referred to as 'ecosystem engineers,’ because they alter the
physical environment that they live in such that they provide habitat for other species
(Koch 2001). As such, seagrasses stabilize the sediments, attenuate waves and
currents, and provide habitat by creating structural complexity on the seafloor (Orth et
al. 1984; Fonseca and Fisher 1986; Koch and Gust 1999). Seagrass beds have been
documented as important nursery habitat for many commercially fished species
(Fonseca et al. 1982; Lazzari and Stone 2006; Lilley and Unsworth 2014). Seagrass
beds provide ecosystem services such as providing protection from erosive wave
energy (Fonseca and Fisher 1986; Fonseca and Cahalan 1992), filtering suspended
sediments from the water column (Ward et al. 1984) and providing habitat for
commercially important species such as scallops, mussels, and cod (Eckman 1987;
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Grizzle et al. 1996; Beck et al. 2001; Gorman et al. 2009). All of these roles have direct
implications for communities living on an estuary or a coastline where seagrass is
present. Costanza et al.(2014) placed a value of $28,916 per hectare on the ecosystem
services provided by seagrass beds.
Eelgrass, and other submerged aquatic vegetation, is often used as a bioindicator for coastal water quality issues (Clement et al. 1999; Trowbridge 2003; Bricker
et al. 2007; Trowbridge 2008; Trowbridge 2009). Many of these threats to eelgrass have
management implications beyond the conservation of habitat alone, including
ecosystem and human health issues. For this reason, eelgrass population metrics are
often used as water quality bio-indicators (Short and Burdick 1996; Latimer and Rego
2010). As a rooted flowering plant, eelgrass is very sensitive to changes in the amount
of light available in the water column (Ochieng et al. 2010). Eutrophication from excess
nutrient inputs into an estuary causes increased phytoplankton blooms that block the
transmission of light through the water column to the seafloor, causing a decrease in
eelgrass productivity. Increased nitrogen loading can also cause an increase in
nuisance macroalgae populations, which can block light and 'smother' eelgrass shoots,
causing further eelgrass loss (Cianciola, 2014; Cloern, 2001; Piscataqua Regional
Estuaries Partnership, 2013). Increased sedimentation works similarly, as suspended
sediments block surface light before it can reach eelgrass beds at the seafloor (Cloern
2001). Both eutrophication and increased suspended sediment load are indicative of
larger watershed and estuary management issues beyond eelgrass decline, including
declining overall ecosystem health. The implications of eelgrass habitat loss compel
regulators and resource managers to monitor the abundance, distribution and relative
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health of eelgrass beds within their jurisdiction, both to prevent further losses, and for
documentation of changes in water quality.
Through a combination of regular (e.g., yearly) eelgrass mapping and
environmental monitoring, managers can estimate changes in environmental
parameters affecting an eelgrass population (Costello and Kenworthy 2011).
Inadequate or inaccurate mapping of eelgrass beds can inadvertently lead to the
destruction of this important habitat by coastal development projects such as
submerged pipelines or cables (Tyrrell 2004). Additionally, in order to assess
spatiotemporal changes in the eelgrass population due to changes in water quality,
storm events, and human impacts on the coastal zone, a spatially-explicit baseline
dataset must be available. For example, if a dredging project is proposed in a certain
area, it can be sited either to have minimal impact on the eelgrass habitat, or a
compensatory eelgrass restoration program can be implemented after the dredging
project has been completed (Tyrrell 2004; U.S. Army Corps of Engineers New England
District 2010). Prior knowledge of the locations within an estuary where eelgrass
existed, both in the past and present, can also help the spatial planning of restoration
programs (Orth et al. 2010).
There are three categories of submerged aquatic vegetation mapping: physical
surveys, optical remote-sensing surveys and vessel-based remote-sensing surveys
(Sabol et al. 2002). Physical surveys involve collecting data via divers or from the
beach, and, while the most verifiable and detailed, these are very time-consuming
methods if a large-scale coverage map is desired (Sabol et al. 2002). Optical remotesensing methods mostly include aerial and satellite photography surveys (e.g. Ackleson
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& Klemas, 1987; Costello & Kenworthy, 2011; Macleod & Congalton, 1998; Short &
Burdick, 1996) but these are often hindered by any environmental conditions that block
light transmission such as clouds or high turbidity.
These limitations of optical methods also often render them unable to detect the
deep edge of the submerged aquatic vegetation. Detecting the deepest edge of
seagrass beds is critical because a decrease in water quality will affect the deepest
plants first, due to the pre-existing limited light availability at these depths due to normal
light attenuation in the water column (Duarte 1991; Gallegos and Kenworthy 1996;
Balsby et al. 2013). Aerial photographs are often incapable of deep edge detection due
to the increase in water opacity at depth (Costello and Kenworthy 2011).
Vessel-based remote-sensing surveys involve the use of equipment, usually
acoustic or video, attached to a boat or submersible. Although the use of a towed video
camera system has given detailed information with regards to species composition and
abundance, the processing of these video data are time consuming and, like aerial
photos, the quality of the data is often limited by water clarity (McDonald et al. 2006;
Lefebvre et al. 2009; Paul et al. 2011).
Acoustic methods have a distinct advantage in detecting the deepest edge of
seagrass beds because they are not limited by water clarity. The detection of eelgrass
in acoustic data is the result of the scattering of sound produced by the air within the
tissues of the blades in microscopic tubes called lacunae (Sabol et al. 1997). The
scattering is due to the marked density and sound speed difference and therefore
acoustic impedance between these air pockets and the surrounding water column
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(Warren and Peterson 2007; Wilson and Dunton 2009). This impedance contrast shows
as a higher signal than the background noise in the water column.
The most commonly used acoustic methods for mapping submerged aquatic
vegetation are single-beam echosounders, but these devices yield only point
measurements directly below the vessel and the production of a coverage map requires
either many tightly-spaced survey lines or interpolation over large areas (Valley et al.
2005). Previous acoustic methods have used single-beam echosounders (Sabol,
Melton, et al. 2002; B. Riegl et al. 2005; Beduhn and Dijkstra 2011), side-scan sonar
(Pasqualini et al. 1998), acoustic Doppler current profilers (Warren and Peterson 2007),
and sediment profiling sonar (Lefebvre et al. 2009; Paul et al. 2011). Warren and
Peterson (2007) documented the canopy height of eelgrass beds as distinct from both
the surrounding water column and seafloor using a high-frequency acoustic Doppler
current profiler, but this type of data is collected only in a one-dimensional profile along
a very narrow track beneath the boat. Side-scan sonar has been proven effective at
providing both a map of coverage, and even density, but this provides only a twodimensional (2D) map and no information about the vertical metrics of the beds, such as
canopy height (Pasqualini et al. 1998).
Multibeam echosounder (MBES) technology is a promising technology for
mapping the distribution and height of eelgrass beds. MBES was shown by Komatsu et
al. (2003) to provide some three-dimensional structural information about the eelgrass
canopy due to its ability to provide both position and depth values for each data point.
However, importantly, only bathymetric data, as opposed to full water column data,
were used. Bathymetric data is created from a data reduction process called bottom
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detection. In this process, echosounder signals are processed to extract the seafloor
only, with one value reported per beam. Soundings located in the canopy were
therefore delineated by a simple depth filter and not by robust signal processing of the
full vertical water column returns to detect both the seafloor and the top of the seagrass
canopy, as is used here.
In this study, water column backscatter intensity data from a multibeam
echosounder were analyzed to map the eelgrass canopy and substrate beneath in 3dimensional space. Water column mapping capabilities were originally developed for
the fisheries community for making stock assessments and 3-dimensional models of
fish schools (Hughes Clarke 2006; Mayer 2002; Weber et al. 2009; Lefort et al. 2012)
but are now extending into hydrographic and habitat mapping applications, including the
detection of macroalgae (Hughes Clarke 2006; McGonigle et al. 2011). The objective of
this study was specifically to develop methods for collecting and processing MBES
water column data to extract the following parameters of eelgrass beds: 1) maximum
depth limit; and 2) canopy height. These parameters were chosen based on the
information gaps presented by optical remote sensing eelgrass mapping methodologies.
The first step in determining the usability of water column data for eelgrass mapping
was to develop an improved algorithm for generating top-of-canopy and bottom
detections from backscatter profiles. Comparisons were made with eelgrass maps
produced used aerial imagery, in situ eelgrass monitoring data, and drop camera video
data. In addition to these comparisons, additional opportunities for the multibeamderived eelgrass data to complement the aerial-imagery-based maps were also
explored.
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Methods
Study Areas
The Great Bay Estuary of New Hampshire was chosen as the primary study area
because there is a long history of seagrass monitoring in the estuary and it has
experienced significant declines in the seagrass population in recent decades. The
distribution of the predominant species of seagrass in the estuary, eelgrass (Zostera
marina L.), has declined by 44% since 1996, a year regarded as the most recent
maximum distribution of the species after an epidemic of the eelgrass wasting disease
in the late 1980's (Short 2016b). The eelgrass population in the estuary has been
monitored closely by the Piscataqua Regional Estuaries Partnership and the University
of New Hampshire (UNH). The recent decline is thought to be likely due to increased
nitrogen and suspended sediments in the estuary in recent decades (Piscataqua
Regional Estuaries Partnership 2018). The estuary was broken down into three subareas: Great Bay, Portsmouth Harbor and Little Harbor.
Although the Great Bay estuary provided a significant variety of eelgrass
habitats, an additional site on the exposed eastern side of Cape Cod Bay, Duck Harbor,
was also surveyed to provide a site with complex topography and short and sparse
eelgrass beds. These small beds provided an important test of the limits of detection for
the use of multibeam water column backscatter for mapping eelgrass.
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Figure 11: New Hampshire study site locations

Great Bay
The sub-area furthest up-estuary in which acoustic mapping was performed was
the Great Bay. In this part of the estuary, the subtidal morphology is dominated by very
shallow (0 to 5 m) mudflats, on which the eelgrass beds are located and that steeply
grade into tidal channels. Thus, the eelgrass beds are depth-limited on the landward
side by the low tide line, and on the seaward side by the channels. The shallow depths
of the mudflats make aerial photography the most efficient method for mapping the
distribution of eelgrass in the bay. However, there are three properties of eelgrass
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habitat that are difficult to capture with aerial photography alone: 1) delineating the
deepest edge of the eelgrass beds; 2) discriminating between mats of drift macroalgae
and eelgrass beds, and; 3) measuring the canopy height of the eelgrass beds.
Therefore, surveys were targeted for testing the capabilities of multibeam water column
data collection and processing for capturing these characteristics. In addition, there are
three permanent SeagrassNet (Short 2016a; Short 2017a; Short 2017b) monitoring
transects in Great Bay that are visited every three months by researchers, and manual
morphological measurements of the eelgrass such as blade length, shoot density and
percent cover are recorded in quadrats placed along the transects. During the growing
season, it is known from this monitoring data that eelgrass blade lengths range from
about 20 cm to 1 m, and the percent coverage of the eelgrass beds range from about 5
to 80% (Short 2016a; Short 2017a)
Portsmouth Harbor
Portsmouth Harbor is located where the Great Bay estuary meets the open
ocean coast at the mouth of the Piscataqua River. The surveyed area consists of sandy
to gravelly substrate, in which eelgrass grows, with small rocky islands. The water is
less turbid in this location than elsewhere in the estuary, allowing eelgrass to grow to
depths of almost 10m. Because of its location near the open ocean coast and the mix of
soft and hard substrates, there are many locations within this survey area where
eelgrass beds are adjacent to beds of attached macroalgae (e.g., Laminaria sp.,
Codium sp.). In previous aerial mapping efforts, the most difficult area for delineating
eelgrass in this survey area was the deepest edge of the eelgrass beds due to the
natural attenuation of light with water depth. Therefore, this area was of interest
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because of both the deeper water depths and because the co-location of eelgrass and
attached macroalgal communities made it a place to further test the capabilities of the
system and data-processing algorithm to discriminate between eelgrass and
macroalgae.
Little Harbor
Little Harbor is a sub-estuary separated from the open ocean by two
breakwaters. When this study was planned, the Piscataqua Regional Estuaries
Partnership specifically cited this location as being of interest to their eelgrass mapping
efforts because: 1) it is a former restoration site, where eelgrass was planted in part to
mitigate for a large dredging project; and 2) it is often too turbid to be mapped easily via
aerial imagery. The defining morphological characteristics of Little Harbor are both
natural and manmade. The bathymetry of the harbor is similar to Great Bay proper, with
very shallow mudflats gradually sloping into a deeper channel. The harbor is also the
site of a large mooring field for recreational boats. This mooring field was the defining
feature for survey design, as lines were run largely to avoid moored vessels.
Duck Harbor
Although the three sites in the Great Bay estuary provided a wide range of
substrates, turbidity, geomorphology and co-occurring macroalgal assemblages, a
fourth site outside of the estuary was surveyed to represent a more dynamic
environment with smaller plants. Smaller plants (i.e., shorter blade lengths) offered an
opportunity to test the lower limit of detection for our data processing methodology.
Duck Harbor is located on the eastern shore of the Cape Cod Bay in Wellfleet,
Massachusetts. Of the four study sites, Duck Harbor has the most wave exposure, and,
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as such, it is a very dynamic site with large, migrating sandy bedforms moving through
the area over a gravel pavement. It is also the site of a seagrass monitoring program
conducted by the Cape Cod National Seashore as part of the SeagrassNet monitoring
network (Short et al. 2006).

Figure 12: Duck Harbor study site location on Cape Cod, Massachusetts

Equipment
For all of the surveys collected as a part of this study, the multibeam
echosounder used was a 200-kHz Teledyne Odom MB1 with a 120° swath opening
angle. Although the full 120° swath coverage was used in the bathymetric data
processing, only the center 40 beams (+/- 20° of nadir) were used for eelgrass
detections because of sidelobe interference. Further characteristics and survey settings
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of the MB1 system can be found in Table 4. The MB1 was chosen for this project for
several reasons. In the survey areas, eelgrass grows in very shallow depths (0-10 m),
and thus the transducers needed to be able to be mounted on small survey vessels; the
transducer of the MB1 is only 26.7 cm long by 15.2 cm wide by 14.6 cm tall, and the
signal processing computer is roughly the same size. In addition to its small size, the
MB1 has an internal motion sensor within the transducer mount as well as an internal
GPS receiver in the signal processing unit, both of which are advantageous on small
survey platforms where space is at a premium. Another critical component of the MB1
for this work is that it is capable of collecting high resolution water column backscatter
intensity data and even raw transducer element data. The raw element data were not
examined and processed extensively in this study, future studies will be able to utilize
the data collected as part of this study to inform best practices for sonar signal
processing (e.g., beamforming) for submerged vegetation detection.
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Table 4: MB1 multibeam echosounder characteristics during surveys

System Parameters
Frequency

200 kHz

Pulse Length

100 µs

Number of Beams

120

Beam Spacing

Equiangular (1°)

Type of Signal

Continuous Wave

Range (vertical) Resolution

7.5 cm

Several different survey vessels-of-opportunity were used in the data collection
for this study. On each vessel, the ancillary sensors (i.e., inertial motion sensors, GNSS
receivers) and their configurations were slightly different. In 2014, the MB1 system was
temporarily installed on the 31.6’ survey vessel Orion (Substructure Inc.). In this
configuration, the MB1 transducer was installed on the hull of the survey vessel. The
system was connected to the Orion’s Applanix POS MV 320 vessel position and
orientation system, which outputs real-time kinematic (RTK) GNSS positioning as well
as vessel orientation data to the MB1. In July of 2015 and July of 2016, the MB1 was
pole-mounted onto the gunwale of the University of New Hampshire’s 22’ R/V Galen J
(Figure 13). In this configuration, the internal motion sensor on the transducer was used
(Teledyne TSS DMS-05) as well as the internal RTK receiver (Hemisphere Vector H320
GNSS Receiver). In August of 2015, the MB1 was bow-mounted on the 25’ R/V
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Marindin (Center for Coastal Studies), and in this configuration the internal motion
sensor was used, but RTK GNSS positioning was collected using the Marindin’s Trimble
R8 GNSS Receiver. Finally, the MB1 was deployed on a Teledyne Oceanscience Zboat, a remotely-operated unmanned surface vessel (USV-Figure 14). The unmanned
surface vessel has potential for very shallow water habitat mapping because of its small
size and transportability. On this platform, the internal motion sensor and GNSS
receiver were used.

Table 5: Survey vessels and equipment used during this study
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Figure 13: R/V Galen J and MBES configuration

Figure 14: Teledyne Oceanscience Z-boat remotely-operated unmanned surface vessel.
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Data acquisition
There were several surveys conducted in 2014, 2015 and 2016 in the Great Bay
Estuary. In July of 2014, a series of connected transects were run along the channel
edges in the southern and western portions of the bay to capture the deep edge of the
beds; these surveys were conducted from the S/V Orion (see Table 5). In July of 2015,
some of these transects were resurveyed with the R/V Galen J (see Table 5); in
addition, a number of parallel survey lines were conducted over an area that was
indicated in a previous study (Pe’eri et al. 2016) to be an interface between an eelgrass
bed and a persistent mat of drift macroalgae, to determine if there was a discernible
difference in the signature for each vegetation type. In October of 2015, the eelgrass
and macroalgae survey lines were revisited with the Z-boat (see
Table 5 5). In addition, two of the three SeagrassNet transects were surveyed with the Z-

Boat, after having been manually measured and sampled a few days prior. Finally, in
July of 2016, all three SeagrassNet transects were surveyed, again with the R/V Galen
J. In July of 2014, an extensive survey of the Portsmouth Harbor area was conducted
with the S/V Orion to maximize coverage of the entire shallow, sandy area thought to be
suitable for eelgrass. The area was re-surveyed in July of 2015 with the R/V Galen J.
Little Harbor was surveyed in July of 2014 with the S/V Orion and then again in July of
2015 with the R/V Galen J.
The Duck Harbor sampling site consists of 3 transects parallel to shore, spaced
roughly 100 meters apart and each about 50 meters in length. Sampling was conducted
at low tide on the morning of August 2nd, 2015. After a preliminary visual assessment, it
was discovered that there was no eelgrass present on the deepest of the three
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transects, so it was not sampled. Twelve 0.25 m2 quadrats were placed randomly along
the two remaining transects, and in these quadrats percent cover, shoot density, and
blade lengths were measured. The site was revisited at high tide with the R/V Marindin,
and several survey lines were run parallel to shore over the two sampled transects.

Table 6: Vessels and equipment used for each survey

Data Processing
Sonar data were iteratively processed using algorithms implemented in MATLAB
to create digital terrain models (DTM’s) of the seafloor and the top of the submerged
vegetation canopy. A single ping of multibeam sonar water column data can be
processed as a series of individual beam profiles (Figure 15 - top) transmitted and
received along a series of beams at different angles relative to the transducer. Figure 15
shows a series of profiles from a single center beam (e.g., a beam looking at an angle
perpendicular to the sea surface directly below the transducer) collected along a single
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survey line in Portsmouth Harbor; this dataset is analogous to the echo intensity data
collected by a single-beam echosounder referred to as backscatter. A single ping of
water column data from the MB1 actually collects 120 of these profiles at angles up to
60° from the transducer. Processing data as a series of individual beam backscatter
profiles made it possible to leverage previous work with single-beam echosounders by
Sabol et al. (2002), Beduhn and Dijkstra (2012) and others.

Figure 15: A series of acoustic echo intensity profiles from the center beam of the MB1. Individual profiles
have been extracted to show the variable location of the maximum intensity within a profile.

Data processing was guided by three main hypotheses regarding the location of
the bottom and the top of the canopy within backscatter profiles. First, the eelgrass
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canopy is such a strong acoustic reflector that, if there is sufficient blade density within
the sonar beam footprint, the maximum intensity within a profile of acoustic backscatter
may in fact be coming from within the canopy itself rather than the bottom. This guiding
hypothesis results in the development of a bottom detection algorithm that picks the last
local peak in intensity in a return and not the maximum intensity peak, as almost all
other submerged aquatic vegetation (SAV) detection algorithms do. The second guiding
hypothesis is that the separation between the leading-edge (top-of-canopy) and bottom
detection points, or rise time, is a proxy for the height of a submerged canopy (Figure
16) if corrected for canopy deflection. The third guiding hypothesis is that by gridding
these leading-edge and bottom detection points into digital terrain models, and then
performing a surface difference operation, a scalar raster of canopy height could be
produced.
Each individual sonar data file was parsed and processed within our algorithms
using the following steps: First, three to five subsequent pings of water column were
averaged or stacked (Figure 17). Pings were stacked to amplify the intensity peak at the
seafloor/canopy interface in subsequent processing; this peak should be consistent
from ping to ping over a flat seafloor, whereas peaks within the canopy itself are nonstationary because of the movement of the blades within the canopy with currents and
waves. Next, each beam backscatter time series within the averaged ping was low-pass
filtered using a flat-top window filter, chosen because of its peak-preserving qualities.
After these two pre-processing steps, the background noise of an individual beam
backscatter profile was estimated by examining the portion of the profile that occurs
below the maximum intensity peak of the profile. The background noise level is
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estimated as the median noise level after removing the largest returns by iteratively
removing signals higher than 1 standard deviation from the median, making it so that we
can determine the noise level even in situations where the record is dominated by the
returns from the bottom and the acoustic canopy.
Using the estimated background noise level, the portions of the profile
representing discrete targets (commonly referred to as returns) can be identified as
those portions of the profile above that noise level. For each return, the leading and
trailing edges can be located, as well as the maximum intensity and other prominent
peaks in the profile. The algorithm then selects the point within the profile representing
the bottom detection and the leading-edge detection directly above it. The criteria for
selecting a bottom detection point is that it is the last local maximum in the seafloor and
canopy return with an intensity higher than one half of the maximum of the entire profile;
the algorithm then selects the leading-edge point directly above that point as the
leading-edge is likely to be the top of the canopy; this is different from the approach
used by Beduhn and Dijkstra (2012) for single beam echosounders, as it is less
sensitive to the angle of incidence on the bottom.

64

Figure 16: Individual echo intensity profile, with key features for eelgrass canopy detection labeled.
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Figure 17: Stacked water column intensity data from a single ping, with canopy and bottom detections in
green and black, respectively.

The leading-edge and bottom detection points of each trace are then converted
to georeferenced depth points using standard processing steps for any sonar detection
point. First, ray-tracing was performed using Snell’s law and sound speed observations
made during the survey to produce a range from the transducer to the: (1) bottom
detection and (2) leading-edge detection. Ranges were then georeferenced by
performing a series of coordinate transformations from transducer-referenced
coordinates to geographic coordinates using GNSS, heading, vessel offsets and motion
(i.e., heave, pitch, roll) data streams. Lastly, in the along-track direction, a filtering
window was created that best fits the bottom and is two standard deviations in width
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and any bottom observations outside this window were then deemed to be outliers. At
this point, the detections were exported as sets of xyz-coordinates.
For each study area, the associated sonar data files were processed twice. On
the first iteration, only bottom detections were performed using our algorithms, and were
gridded into a preliminary digital terrain model of the seafloor required for the estimation
of the angle of incidence on the second iteration. The angle of incidence estimate was
needed in the second iteration to select leading-edge detections only within 20° of
vertical incidence and to correct the vertical position of these points for seafloor slope.
The angle of incidence for each beam on the seafloor was calculated using the direction
in which the signal travelled (from the ray-tracing step) and a digital terrain model of the
seafloor. On the second iteration, both bottom and leading-edge detections were
performed, and the data were processed using the angle of incidence estimates.
The two types of detection points were gridded into two separate digital terrain
models: 1) bottom (i.e., seafloor, analogous to a “bare earth” digital terrain model in the
LiDAR field, and 2) leading-edge (i.e., top-of-canopy, analogous to a “first-return” digital
terrain model in the LiDAR world)(Figure 18). A surface difference operation was
performed to determine if there is significant separation between the leading-edge
digital terrain model and the bottom digital terrain model; the result was a raster
representing the distance between leading-edge detections and bottom detections
(Figure 18). This surface was examined against ground-truthing data to determine if a
greater surface difference spatially correlates to areas of vegetation and to determine
whether this surface difference was a good proxy for canopy in these areas. The
minimum vegetation detection limit was determined by looking at the median value of
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surface difference data collected over a stretch of flat and unvegetated seafloor in the
estuary.

Figure 18: Canopy and bottom surfaces from a single line of data collected in patchy, tall eelgrass in
Portsmouth Harbor. The full 120° swath coverage was used in the bathymetric data processing, but only
the center 40 beams (+/- 20° of nadir) were used for eelgrass detections because of sidelobe
interference, resulting in the wide bottom swath (gray scale) and narrower canopy swath (color scale)
seen here.

Another question of interest was whether canopy height and other echo features
could be used to delineate areas of macroalgae from eelgrass in the Great Bay. To test
this, data were collected along a transect that intersected both an area of aeriallymapped eelgrass and an area of macroalgae mapped in 2008 using hyperspectral
imagery by Pe’eri et al. (2008). The transect was ground-truthed via drop-camera, which
showed an increasing amount of macroalgae (primarily Gracilaria sp.) from west to east.
Eelgrass Coverage
Accuracy of acoustically-derived datasets in representing the spatial coverage
and canopy height of the eelgrass beds was determined in two ways: conventional
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classified map accuracy analysis, following Conglaton and Green (2009), and by
correlating surface difference values to blade lengths measured manually in the field.
For assessing the level of agreement between the acoustic presence-absence
dataset and the aerial imagery-derived presence-absence datasets, a pseudo-accuracy
assessment was conducted. In this analysis, the aerial imagery-derived presenceabsence data was used as the “true” dataset against which the acoustic presenceabsence data was tested; however, it is important to note that this is not a true accuracy
assessment as both datasets are derived from classifying remote-sensing data.
Differences may therefore not be interpreted as errors, but rather are indicative of
differences in performance between the two techniques. We will use the term error
matrix here to be consistent with existing literature.
The accuracy analysis workflow included the following steps: 1) creating mosaics
from ortho-rectified aerial image tiles collected by PREP for eelgrass mapping in 2016
(for qualitative comparison and background images), 2) reclassifying the acoustic
surface difference files into a binary eelgrass presence/absence predictor, 3) generating
points that intersect both the surface difference data and eelgrass polygons, and
creating error matrices with which to calculate the kappa coefficient (Congalton and
Green 2009). The kappa coefficient corrects the overall accuracy derived from error
matrix analysis to account for agreement resulting from random chance (Congalton and
Green 2009; Barrell et al. 2015). Surface difference raster datasets were reclassified
into vegetation presence/absence in ArcGIS using the natural break in slope of the
histogram of surface difference values for a location/year dataset.
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Results
Eelgrass Coverage
The accuracy assessment results show that the acoustic binary classification
agrees with the aerial photography classification from the same year by 63 to 79%
(Table 7). Overall, the kappa coefficients mostly suggest fair to moderate agreement
between datasets, with the exception of 2014 survey of Little Harbor which showed only
slight agreement. This may be due to either (1) the high level of noise that was
observed in the water column during the 2014 Little Harbor survey or (2) the sensitivity
of error matrix-derived metrics for binary classifications to prevalence (Barrell et al.,
2015). Prevalence, in this analysis, is defined as the proportion of observations
classified as “eelgrass presence” in the aerial imagery and, in Little Harbor in 2014,
prevalence is very low (0.17).
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Table 7: Error matrix/accuracy assessment statistics for the three New Hampshire study sites.

In Duck Harbor, there was no available eelgrass map digitized from aerial
imagery at an appropriate scale for comparison to the acoustic mapping. However, a
qualitative comparison of aerial imagery collected by NOAA in 2014 and the acoustic
binary classification data collected at that location shows good agreement (Figure 19).
Importantly, although swath widths in this shallow environment were only 2-3 meters,
the patchiness (over tens of centimeters) of these scattered eelgrass beds is captured
in both the along- and across-track directions.
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Figure 19: Eelgrass presence/absence map for Duck Harbor, derived from surface difference data
collected in 2015.
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Maximum Depth Limit
In Great Bay, Portsmouth Harbor, and Little Harbor, it was possible to compare
the maximum depth limit of eelgrass detected in aerial imagery and acoustic datasets.
The deepest edges of eelgrass beds are often the hardest to detect in aerial imagery
due to the similar shading of optically-deep water and eelgrass beds. In many places
along the channel in Great Bay, where eelgrass grows from mean low water to around 5
meters depth, the acoustically-detected deepest edge of the eelgrass beds lies along
the edge of the channel and therefore the aerial imagery delineated beds aligns almost
exactly; however, in some areas the acoustic data detected eelgrass as far as 17
meters, horizontally, toward the channel from the deepest eelgrass detected in aerial
imagery collected in the same growing season (Figure 20). In Portsmouth Harbor,
where eelgrass grows as deep as 10 meters depth, the acoustically-detected deepest
edge of the eelgrass beds was shallower than the deepest eelgrass detected in aerial
imagery collected in the same growing season. The largest horizontal distance between
an acoustically-detected deep edge and a deep edge delineated from aerial imagery
was 390 meters at this location in 2015 (Figure 21). In both Great Bay and Portsmouth
Harbor, the maximum depth limits of the eelgrass beds were usually overestimated in
the aerial imagery relative to the maximum depth limits of the acoustically-mapped
beds.
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Figure 20: Subset of the deepest edge of eelgrass beds delineated from acoustic data along a tidal
channel in Great Bay, overlaid on eelgrass beds delineated from aerial imagery. Distances between the
acoustically- and optically-detected deepest edges are shown.

74

Figure 21: Presence/absence map of eelgrass derived from acoustic surface difference data collected in
2015, overlaid on eelgrass beds delineated from aerial imagery from the same growing season (2015).
Distances between the acoustically- and optically-detected deepest edges shown.

Canopy Height/Surface Difference
One challenge in comparing canopy heights from survey data with the blade
length from the SeagrassNet program is that the spatial accuracy of each dataset is
different. For acoustic surveys, RTK GNSS was used, giving an accuracy on the scale
of decimeters; for SeagrassNet monitoring, geographic coordinates are only determined
for the end-points of each transect, and quadrat locations were then extrapolated along
the transect length. Therefore, the average was taken of canopy heights within a onemeter radius around the quadrat point, and this average value was used for comparison
to the quadrat blade lengths.
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Table 8 shows the area surveyed using the multibeam system, and the mean
surface difference value in areas categorized as “bare” and in areas categorized as
having SAV present. In areas of SAV, this surface difference is assumed to be the
canopy height of that SAV. Note that even in “bare” areas, the surface difference
between the leading edge detection surface and the last local maximum bottom
detection surface is not zero. The surface difference between the leading edge
detections and the last local maximum bottom detections will always be greater than
zero due to the finite length of the sound pulse transmitted by the sonar. Theoretically a
correction for this effect is possible, but since this effect is on the same order of
magnitude as the range resolution of the sonar we have chosen not to compensate for
it.
Good relative agreement existed between sites with regards to canopy heights
derived from surfaces and blade lengths. For example, the longest blade lengths (up to
2 m) were visually observed in Portsmouth Harbor where some of the highest surface
differences (mean value of ~1 m in areas of eelgrass presence) were also observed in
both 2014 and 2015 (Table 8). Similarly, the shortest blade lengths were visually
observed and measured along SeagrassNet transects in Duck Harbor, as well as the
lowest surface difference values in areas of eelgrass presence (mean value of ~16
centimeters in areas of eelgrass presence) (Table 8). However, there was not a 1:1
correlation of surface difference to blade length along the SeagrassNet transects
sampled in Great Bay and Duck Harbor (Figure 22).
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Table 8: Mean and standard deviations for areas identified as eelgrass-present or bare (eelgrass-absent).
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Figure 22: Comparison of 1-meter-averaged canopy height/surface difference and measured eelgrass
blade lengths for SeagrassNet sites in Great Bay and Duck Harbor. Dashed horizontal line represents the
limit of the vertical resolution of the MBES.

Interestingly, the difference between blade length and surface difference value
increases with increasing blade length (Figure 23), suggesting that there is a
quantitative relationship that may be modeled in future work.
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Figure 23: The difference between 1-meter-averaged canopy height/surface difference and measured
eelgrass blade lengths, plotted by measured blade length for SeagrassNet sites in Great Bay and Duck
Harbor. Dashed horizontal line represents the limit of the vertical resolution of the MBES.

Discussion
The results presented here indicate that mapping eelgrass beds through the
automated processing of raw water column data from a multibeam echosounder is
possible over a wide-range of eelgrass blade lengths and site parameters. When
compared against eelgrass beds mapped from aerial imagery from the same growing
season, the boundaries of the acoustically-mapped eelgrass beds matched very well in
shallow water; however, the deepest boundaries of the eelgrass beds could be
horizontally-offset by as much as 390 meters. This discrepancy in the location of the
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deepest boundaries of the beds suggests that acoustic methods can complement aerial
techniques which are because aerial imagery is impacted by light attenuation with
depth. Although there was not a 1:1 correlation between acoustically-measured canopy
heights and blade lengths measured in the field, the highest mapped canopy heights did
in fact correspond to the longest blade lengths in the field (i.e., relative agreement
between sites).
This method represents a 40-fold increase in the number of measurements taken
of the submerged canopy across the track of the boat than existing methods using
single-beam echosounders, despite the fact that this work utilized only the forty beams
at launch angles within 20° of nadir. In the sparse eelgrass beds at the Duck Harbor
site, the advantages of this added coverage are evident, where patches as small as 1
meter across were mapped and correlated well with low-tide aerial imagery. multibeam
echosounders are also ubiquitous in the hydrographic community, and thus a survey
collecting multibeam data for bathymetry could also, with most modern multibeam
systems, collect water column data for processing for eelgrass mapping using the
processing method presented here.
The processing methodology presented here is significantly different from
existing algorithms that process acoustic returns for submerged aquatic vegetation
detection: this algorithm does not assume that the highest intensity peak in a given
trace is the bottom. In multiple studies, as well as portions of the data collected for this
study, it has been shown that in sufficient shoot densities, the highest intensity is
actually located within the canopy itself and that any measurement of canopy height
above the bottom would therefore underestimate the true canopy height of the plants as
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well as underestimate the true depth to the bottom (Sabol, Melton, et al. 2002; Sabol et
al. 2007; Warren and Peterson 2007; Lefebvre et al. 2009; Beduhn 2012). A
translational opportunity exists in bringing this canopy and bottom detection
methodology to single-beam echosounders, including low-cost recreational fish-finders
that can be easily and temporarily mounted on small boats and operated by nonexperts.
Another important feature of this processing methodology for detecting
submerged vegetation acoustically is that the results are corrected for both depth and
slope. The echo parameter used to identify vegetation in most methodologies, including
this one, is the rise time of a returned signal. The rise time can be artificially lengthened
with increasing depth and slope (Von Szalay and McConnaughey 2002; Pouliquen
2004; Preston 2006; Biffard et al. 2007; Biffard et al. 2010; Biffard et al. 2010). This
echo lengthening happens due to increased depth due to the increasing footprint of a
conical beam with distance from the transducer. Similarly, echo lengthening due to
slope occurs because the footprint size grows with an increase in the angle of incidence
of the beam relative to the seafloor. Therefore, false detections of SAV can occur in
areas of increased depth or slope because the SAV detection algorithms use the
increased echo length as an indicator of SAV as well. The simplest way to correct for
this type of false detection is to use slope and depth thresholds for detections, based on
the depths at which SAV is expected to occur. However, one of the most powerful uses
of acoustic SAV detection is for detecting the deepest edges of SAV beds, and
therefore artificially restricting the depths may bias this important feature.
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Importantly, our study found that the acoustically-measured canopy heights were
not exactly equivalent to blade lengths measured in the field. In fact, increased blade
length correlated to an increase in the error of the measurement. Several studies have
recognized the effect of current speed on causing the plants to deflect, therefore
causing a discrepancy between acoustically-measured canopy height and blade length
(Sabol, Burczynski, et al. 2002; Warren and Peterson 2007). In the existing globallyused SeagrassNet monitoring protocol, canopy height is defined as the length of the
seagrass blades from the substrate to the tip of the leaf of the dominant species,
ignoring the tallest 20% of plants (Short et al. 2006). However, canopy height as defined
as the in-situ height of a seagrass canopy, which is subject to the interactions of plant
physiology and hydrodynamic forcing, is often significantly shorter than the full blade
length. Luhar and Nepf (2011), using scale-model eelgrass blades, estimated that
eelgrass blades bend to less than half of their blade length under currents as small as
0.05 m/s. The effects of currents on acoustically-measured canopy height and the
shape of the returned acoustic signal are investigated further in a companion field
experiment to this mapping effort.
An important assumption made in this work was that the substrate around and
beneath the eelgrass canopy was a smooth surface relative to the footprint of each
beam of the sonar. The effect of roughness on the length of the returned echo from the
seafloor is well known, such that seafloor characterization algorithms use this important
echo characteristic to identify areas of hard, rocky substrate. This is because the
roughness elements cause the transmitted pulse to be scattered in many directions off
the axis of the beam, and therefore it takes the sound longer to return to the transducer.
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Luckily, most seagrass does occur in sandy or muddy substrates, however, some
species (such as in the Phyllospadix genus) do occur in rocky subtidal areas, as does
subtidal macroalgae such as kelp that may be of interest. A roughness correction
method would be needed to definitively identify SAV in these areas.
The equipment and methods presented here show promise with regards to
discriminating between eelgrass and macroalgae. When mapping eelgrass beds in
estuaries, eelgrass abundance and spatial extent can be inaccurately reported due to
the presence of macroalgal species. Conflation of these two types of submerged
vegetation is misleading and uninformative because each type represents a different
type of habitat for other species (Wallentinus and Nyberg 2007). Also, the relative
abundance of each functional type of submerged vegetation has implications for water
quality issues and a transition from a seagrass-dominated estuary to an algaedominated estuary is indicative of increasing eutrophication of the system (Burkholder et
al. 2007). Mats of nuisance macroalgae such as Gracilaria can have detrimental effects
on eelgrass beds as well (Short and Burdick 1996; Nyberg 2007). For these reasons,
NOAA’s Coastal Change Analysis Program recommends separation of these two types
of submerged vegetation cover whenever possible (Dobson et al. 1995).
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Figure 24: Surface difference map and acoustic intensity profile collected over a transition area from
eelgrass to drift macroalgae in Great Bay.

As a part of this research, acoustic and drop camera data were collected on a
transect in an area of Great Bay over a transition from sparse eelgrass into a mat of drift
macroalgae. Areas of macroalgae had two distinguishing characteristics: lower canopy
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height than surrounding eelgrass and less scattering within the canopy. In Figure 24,
this is evidenced by a shorter “tail” below the bottom detection point along the
backscatter profile, resulting in fewer higher intensity points below the seafloor.
Although not a part of the algorithm developed as a part of this study, this characteristic
holds potential for future work in automated delineation of macroalgae and eelgrass.
The macroalgae appeared as an area of lower canopy height in these data. Sabol et al.
(2008) used a canopy height-based rule for discriminating between marine macroalgae
and eelgrass, and this may be a useful model to follow in discriminating mats of drift
macroalgae from eelgrass as well. The tail length of echoes within the macroalgae mat
also appeared to be shorter than the tails of those within the eelgrass bed. In many
seafloor characterization schemes for acoustic data, the shape of the trailing end or tail
of a seafloor return in a sonar trace is often used as a proxy for the roughness of the
seafloor and the amount of scattering (Orlowski 1984). The trailing end or tail of the
trace is defined as the length from the bottom detection to where the signal drops below
the noise floor. Riegl et al. (2005) used seafloor characterization software (EchoPlus
and QTCView) that, in part, use measurements of this characteristic (specifically, the
area under this part of the trace) of the echoes received from a single-beam
echosounder to delineate seagrass from dense and sparse macroalgae as well as bare
substrate. Qualitatively, near-nadir data collected in Great Bay suggests that sonar
traces in eelgrass have significantly longer trailing ends or tails than sonar traces in both
bare substrate and macroalgal mats. The exact acoustic scattering mechanisms of
sound in eelgrass and macroalgae are not well understood, and for macroalgae differ
from species to species due to differences in morphology, so there is, as yet, no
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physical basis for this difference. However, it likely is related to the distribution and size
of air pockets and complexity of canopy structure (i.e., roughness) for each vegetation
type. It may be the case that, for example, macroalgal mats have less air pockets and
less complex vertical structure and therefore a shorter trailing end or tail.

Conclusion
The primary objective of this research was to develop a method of processing
raw multibeam water column data that would identify areas of eelgrass and to leverage
the 3D multibeam data and tree canopy mapping methods developed in the LiDAR
literature to measure the height of the eelgrass canopy as well. By using a new
processing methodology, eelgrass beds as small as 1 meter across could be delineated
in a range of environmental conditions, including depths of up to 9 meters, substantial
turbidity, and mixed substrates. In shallow water with good water clarity, aerial imagery
may still be the most cost-effective option for mapping eelgrass over large spatial areas.
However, acoustic methods such as these are especially useful in areas of optically
deep water or high turbidity. Acoustic methods such as this can be particularly effective
in delineating the deepest edges of eelgrass beds; the research presented here showed
that the deep edges of eelgrass beds delineated from aerial imagery were often tens of
meters away from the actual edges of beds delineated acoustically and verified using a
drop camera. Acoustic data such as those from a multibeam echosounder also offer a
new data collection opportunity for seagrass mapping as these sonars are used
frequently for bathymetric mapping in coastal waters. multibeam echosounders in
particular have found a wide range of uses related to seafloor morphology and benthic
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habitat mapping, and these methods allow yet another end-user for data collection
efforts in shallow coastal waters. Although the acoustically-measured canopy heights
here were not correlated one-to-one to the actual eelgrass blade lengths, this method
still allowed for relative comparisons of canopy height between study areas. Lastly,
these data showed the potential use of acoustic water column data for delineating
between macroalgae and eelgrass, through the use of the canopy height metric used
here as well as the signature of the entire return from the canopy and seafloor. Thus
MBES systems are a promising tool for the mapping of seagrass and macroalgae,
particularly in deeper water applications.
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CHAPTER II
DELINEATING KELP AND NON-KELP MACROALGAE ASSEMBLAGES USING
WATER COLUMN BACKSCATTER DATA FROM A MULTIBEAM SONAR

Abstract
Gulf of Maine shallow rocky benthic communities, like many temperate coastal areas,
are experiencing a phase shift from habitats dominated by kelp species to habitats
dominated by short, often invasive, macroalgae species. Unlike the giant kelp species of
other regions, Gulf of Maine kelp species do not grow to the surface where they can be
detected within aerial or satellite imagery. This study seeks to establish an automated
method for delineating between kelp- and non-kelp dominated coastal habitats using
water column backscatter data from a multibeam sonar. First, a pilot study site was
established to develop and test a novel method to detect macroalgae canopy heights
acoustically by sonar. Sonar-derived canopy heights agreed well with canopy heights
collected in situ by divers at the pilot study site. Using the sonar-derived canopy heights,
habitat maps were created for kelp, non-kelp dominated habitats and bare substrate. At
the pilot study site, a classification accuracy assessment was performed by comparing
sonar-derived habitat type maps with ground-truth underwater imagery data. Overall,
habitat classification accuracy was 86%. Second, water-column backscatter, along with
underwater video footage of 100 m2, was acquired over several sites. Video-footage
was made into a photomosaic and percent cover of kelp, non-kelp and bare substrate
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assessed. In situ and sonar-derived percent cover of the three habitats were compared
for coherence. Though the size and areal coverage of in-situ and sonar derived habitats
were very different, they compared favorably within a site. Overall, the results indicate a
strong potential for reliable mapping and monitoring of subtidal kelp beds using acoustic
methods.

Introduction
Kelp ecosystems around the globe are changing to turf macroalgae due to
anthropogenic causes such as gradual climate warming, heat waves, eutrophication,
and species invasion (Filbee-Dexter and Wernberg 2018). The change from a kelpdominated ecosystem to a non-kelp-dominated ecosystem is significant because kelp
beds provide many ecosystem services, some of which include commercial and
recreational fishing and coastal storm protection. Kelp forests, due to their height off the
seafloor and their complex structure, enhance biodiversity and drive predator-prey
interactions (McAbendroth et al. 2005).
The Gulf of Maine is experiencing a similar rapid change from kelp-dominated
ecosystems to an assemblage dominated by invasive turf macroalgal species (Harris
and Tyrrell 2001; Dijkstra et al. 2017). The transition from a kelp-dominated to a turf
algae dominated system here directly reduces the canopy height but increases the
biogenic structure, thus changing how other species use macroalgal habitats. (Dijkstra
et al. 2017; O'Brien et al. 2018). Therefore, understanding the spatial extent of these
communities is valuable for monitoring spatial and temporal changes in kelp
populations.
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Given their habitat value, several studies have used optical remote sensing
techniques, multispectral and hyperspectral imagery, to map kelp ecosystems globally
(e.g., Van Wagenen 2015; Uhl, Bartsch, and Oppelt 2016; Uhl, Oppelt, and Bartsch
2013; Bell, Cavanaugh, and Siegel 2015; North, James, and Jones 1993; Casal et al.
2011). Many of these studies were conducted in the giant kelp forests of the Pacific
coastline of North America, and these kelp species grow to the surface, making them
easily visible in aerial or satellite imagery. Subtidal kelp forests in the Gulf of Maine
grow only to heights of about 4 meters (Dijkstra et al. 2017), with far shorter canopy
heights, and are therefore not usually visible on the surface of the water. Subtidal kelp
species in the Gulf of Maine lack the large pneumatocysts of the giant kelp species of
the Pacific Coast, and therefore they are harder to detect using acoustic remote
sensing. Because of these difficulties in using remote sensing to detect kelp habitat in
the Gulf of Maine, most of the trends from kelp ecosystem to turf algae in the Gulf of
Maine have been drawn from diver collected data - where time underwater is limited to
the amount of air a person has and only a small area (1-10s of meters) is actually
observed and generally at shallow depths.
Habitat mapping techniques using acoustics provide a method for gathering data
over a larger spatial area than diver surveys. Acoustics, such as single- or multibeam
echosounding, have been used for many years for mapping submerged aquatic
vegetation such as seagrass (e.g., Sabol et al. 2002; Warren and Peterson 2007;
Komatsu et al. 2003; Paul et al. 2011; Lefebvre et al. 2009; Beduhn and Dijkstra 2011).
Acoustic remote sensing has the potential to overcome some of the limitations of optical
remote sensing techniques such as poor water clarity and detection of targets below the
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extinction depth of sunlight (e.g., acoustic techniques can be used in deeper, more
turbid water). Multibeam sonar is primarily used for collecting bathymetric data (Lurton
2004). More recently, water column backscatter data (e.g., acoustic data collected from
above the seafloor ) from these systems has been used to map features such as gas
seeps and submerged wrecks, (e.g., Hughes Clarke 2006; Wyllie, Weber, and
Armstrong 2015; Brehmer et al. 2006; Schneider Von Deimling and Papenberg 2012).
McGonigle et al. (2011) used water column backscatter data as an indication of
presence/absence of kelp forests at an offshore underwater seamount in the Gulf of
Maine. However, canopy heights and percent cover were not measured nor compared
to ground-truth data for accuracy assessments.
This research uses canopy height derived from water column backscatter data to
delineate between kelp- and non-kelp-dominated habitats. A recent study by Norton
and Dijkstra (in press) used multibeam sonar water column backscatter data to map the
distribution and canopy heights of subtidal eelgrass beds in New Hampshire and
Massachusetts. Here, we use the novel methods described in Norton and Dijkstra (in
press) to assess canopy heights for macroalgae in rocky subtidal shores and compare
percent cover of macroalgae derived from sonar with in situ 100 m2 photomosaics.
Water column backscatter data were collected first as a pilot study at Cape Neddick,
Maine, a well-studied site with extensive in situ diver-measured canopy height and
species coverage data. Once the relationship between in situ and sonar-measured
canopy height was established, kelp habitat type coverage was compared with highresolution photomosaics of smaller portions of sites in the Isle of Shoals, on the New
Hampshire/Maine border. Sonar-derived percent coverage of kelp, turf macroalgae and
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bare substrate dominated habitats at each island site was compared to percent
coverage from the 100 m2 photomosaic from the same site to assess whether percent
coverage of kelp-dominated habitat could be successfully extrapolated over a large,
acoustically-mapped area.

Methods
This study was conducted in two parts (a pilot study and a habitat verification
study) in two areas in the southern Gulf of Maine: Nubble Light Cove, in Cape Neddick,
Maine (Figure 25), and several locations surrounding the Isles of Shoals, a group of
islands approximately 6 miles offshore of the Maine/New Hampshire border (Figure 27).
These sites were chosen because of proximity to the University of New Hampshire
Marine facility, because the three habitats are found at each site, and, importantly,
because of the extensive history of macroalgal monitoring at these sites (e.g.,
Mathieson 1979; Mathieson, Reynolds, and Hehre 1981; Harris and Tyrrell 2001;
Dijkstra et al. 2017). All sites are composed of sloping bedrock substrate typical of the
algae-dominated rocky subtidal areas of the southern Gulf of Maine.
Pilot Study
Study Area
Nubble Light Cove in Cape Neddick, Maine, has been monitored and sampled as
part of ecological studies since 1974 (Harris and Tyrrell, 2001). It is a relatively
protected site with rocky ledges that surround sandy flats, with depths ranging from 25
meters to 50 meters below the WGS84 ellipsoid (0 to 22 meters below NAVD88 - a
leveling control network originally intended to be closely coincident with the geoid). The
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site is also frequently used by recreational divers as it is easily accessible from the
shore and protected from large waves. The site was chosen as it contained areas of
kelp/non-kelp habitat and bare substrate, making it an ideal pilot site for assessing the
efficacy of delineating between the three habitats based on canopy height.

Figure 25: Study Area Map of Nubble Light Cove, Cape Neddick, ME. Bathymetric depths are in meters
below NAVD88.

Sonar Data Collection & Processing
A 200-kHz Teledyne Odom MB1 multibeam sonar was used for all acoustic
surveys. The MB1 was pole-mounted onto the gunwale of the University of New
Hampshire’s 22’ R/V Galen J. Although the full 120⁰ swath coverage was used in the
bathymetric data processing, only the center 40 beams (+/- 20⁰ of nadir) were used for
canopy detections because of specular sidelobe interference. Further characteristics
and survey settings of the MB1 system can be found in Table 9. Data collection for the
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pilot study at Nubble Light Cove site was completed in a single afternoon on August 7th,
2015. Survey lines were collected approximately parallel to depth contour lines and
spacing was established in the field using on-the-fly swath coverage calculations and
visualizations in Hypack hydrographic software.
The equipment choices for this project were made deliberately to fit the
conditions at the study area. The survey sites were shallow (<50 m depth) and featured
complex rocky bathymetry and topography, including rock pinnacles, and thus the
transducers needed to be able to be mounted on a small, easily maneuverable survey
vessel. The transducer of the MB1 is only 26.7 cm long by 15.2 cm wide by 14.6 cm tall,
and the signal processing computer is roughly the same size, and therefore the entire
system could be easily installed on a small vessel-of-opportunity as was used here
(Figure 13). In addition to its small size, the MB1 has an internal motion sensor within
the transducer mount as well as an internal GPS receiver in the signal processing unit,
both of which are advantageous on small survey platforms because the geometry of the
system is fixed and independent of the platform. Another critical component of the MB1
for this work is that it was capable of collecting high resolution water column backscatter
intensity data as well as raw transducer element data. Although the raw element data
were not examined and processed extensively in this study, future studies will be able to
utilize the data collected as a part of this study to inform best practices for sonar signal
processing (e.g., beamforming) for submerged vegetation detection. In this
configuration, the internal motion sensor on the transducer was used (Teledyne TSS
DMS-05) as well as the internal RTK receiver (Hemisphere Vector H320 GNSS
Receiver).
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Table 9: MB1 system parameters used during this study.

Water column backscatter intensity data were processed following methods
described in Chapter I. In summary, sonar data were iteratively processed as a
collection of waveforms using algorithms implemented in MATLAB to create digital
terrain models (DTM’s) of the seafloor and the top of the canopy. A single ping of
multibeam sonar water column backscatter data can be processed as a series of
individual waveforms transmitted and received along a series of beams at different
angles relative to the transducer. This dataset is analogous to the echo intensity data
collected by a single-beam sonar referred to as backscatter. Processing data as a
series of individual waveforms made it possible to leverage previous work with singlebeam sonars by Sabol et al. (2002), Beduhn and Dijkstra (2012) and others. For each
site, two separate digital terrain models, gridded at 1 m (e.g., each pixel represents 1
m2), were created: 1) bottom (i.e., seafloor, analogous to a “bare earth” digital terrain
model in the LiDAR world) and 2) leading-edge (i.e., top-of-canopy, analogous to a
“first-return” digital terrain model in the LiDAR world). A surface difference operation
was performed to determine if there was significant separation between the leading-
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edge digital terrain model and the bottom digital terrain model; the result was a raster
representing the distance between leading-edge detections and bottom detections. In
addition to the habitat maps, high-resolution bathymetry maps were created using the
seafloor digital terrain models.
Given the complex, rocky subtidal terrain of the study areas, it was important that
the methods for measuring canopy heights addressed the effects of slope on canopy
heights derived from waveform length parameters. For guidance on how to correct
canopy heights measured from signal length parameters, the LiDAR literature was
consulted. Tree canopy height measurements from LiDAR waveforms have been used
for many years in the terrestrial remote sensing world (e.g., Allouis, Durrieu, &
Couteron, 2012; Fricker, Wolf, Saatchi, & Gillespie, 2015; Hunter, 2014; Lee, NiMeister, Yang, & Chen, 2011; Lefsky, Cohen, Parker, & Harding, 2002; W. Yang, NiMeister, & Lee, 2011; X. Yang et al., 2013). Yang, Ni-Meister, & Lee, (2011) also were
interested in the effects of slope and off-nadir pointing angle (e.g., beam angle) on the
measured canopy heights from LiDAR waveforms. The geometric relationships
developed between signal length, slope and pointing angle are analogous to those in
the multibeam sonar datasets collected for this work, and therefore their methods were
adapted for the slope correction used here. To accomplish this correction, the
multibeam water column backscatter data were processed twice: the first pass created
a digital terrain model of the seafloor only, which was used, along with the motion
sensor data that gives the orientation of the sonar itself, to calculate the angle-ofincidence each individual beam. This angle-of-incidence was then used to correct the
canopy height measurements following the geometric relationships described in Yang,
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Ni-Meister, & Lee, (2011). A detailed account of this approach can be found in Appendix
C.
Diver Quadrat Ground-truth data collection
Ground-truth diver data consisted of taking underwater photographs of 1 m2
randomly-placed quadrats (Figure 26). GPS coordinates were obtained for each image
at the water’s surface using a ruggedized and waterproof GNSS receiver embedded in
the Nikon COOLPIX AW110. Measurements of the canopy height of individual
macroalgae were collected from 2-4 of the corners of the quadrat and from the
macroalgae in the center of the quadrat.

Figure 26: Examples of quadrats taken at Nubble Light Cove, dominated by non-kelp species habitat (left)
and dominated by kelp species habitat (right).
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Data Integration & Analysis
First, to establish the surface difference data as a proxy for canopy height,
surface difference values were compared with co-located macroalgae canopy heights
from the 1 m2 quadrat data collected at Nubble Light Cove. However, the horizontal
positioning uncertainty was much greater (~2-5 m) for the quadrat locations than for the
sonar-derived surface difference data (<1 m). Therefore, an average of surface
difference values within a 5 meter radius of a quadrat point was used to compare to the
measured canopy height. Considering this averaging procedure, the level of agreement
between ground-truth canopy height and sonar-derived canopy height (i.e., surface
difference values)(Figure 29) was considered adequate to proceed with using sonarderived canopy height as a proxy for actual macroalgae canopy height.

Table 10: Blade height by species from Nubble Light Cove canopy height data, kelp species in green and
non-kelp species in gray/white (from Dijkstra et al. 2017).
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The next step in the analysis was to test the feasibility of using the sonar-derived
canopy heights to delineate between areas of kelp- and non-kelp dominated habitats.
For this analysis, a simple threshold of 0.3 m, derived from quadrat canopy heights, was
used as the threshold between kelp- and non-kelp habitats. Surface difference data
were classified into three classes (“Bare”, Non-Kelp” and “Kelp”) using the height
threshold and the ArcGIS “Reclassify” tool. To test this classification scheme using
standard remote sensing accuracy assessment techniques quadrat data collected at
Nubble Light Cove (Congalton and Green 2009) were used. To perform the accuracy
assessment, 49 quadrats were used as reference data, and the classified surface
difference data in the co-located pixels were put into the error matrix (Table 12).
Habitat Verification Studies
Study Area
Five sites were surveyed and underwater video footage acquired at the Isle of
Shoals: Babbs & Cribs Cove (west side of Appledore Island), Broad Cove (east side of
Appledore Island), Star Island (west side), White Island (eastern side) and White Island
Cove (east side) (Figure 27). Each of these sites vary in levels of exposure to wave
energy, different macroalgal assemblages and depth. The site on the west side of Star
Island has been monitored and studied by UNH scientists since 1975, and scientists
first noted a change from a kelp-dominated habitat in 1995 (Harris and Tyrrell, 2001).
The White Island sites, both the cove and exposed sides, have been studied and
monitored since 1983, and, interestingly, the kelp bed located on the cove side was not
converted to an urchin barren like the exposed side (Tyrrell and Harris 2001). Dijkstra et
al. (2017) documented a temporal shift from a native, kelp-dominated habitat to a
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habitat dominated by introduced, short non-kelp species at all of these sites in the Isle
of Shoals except the Broad Cove site on Appledore Island, which was first studied as a
part of this study and in an accompanying study by Dijkstra et al. 2019.

Figure 27: Study Area Map of sites in the Isle of Shoals, ME & NH. Bathymetric depths are in meters
below NAVD88.

Sonar Data Collection & Processing
Sonar data collection for all Isle of Shoals sites was completed in one morning on
July, 19th, 2016, using the Teledyne MB1 multibeam sonar mounted on the R/V Galen J
in the same configuration used at Nubble Light Cove. Water column backscatter data
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were processed using the same methods described in the Nubble Light Cove pilot
study, using the same threshold of 0.3 m to delineate between habitats,
Ground-truth Photomosaics
At the five Isle of Shoals sites, ground-truth photomosaics were created using
high-resolution video footage collected using a calibrated GoPro Hero 2 and 3+ (video
dimension of 1920x1080 pixels at 30 frames per second) over the week of July 20th,
2016. Footage was collected by divers that moved along 10 m parallel transects spaced
1.2 m apart on the seafloor, while remaining at an almost-constant height above the
seafloor (1.5 to 2.5 m). This imaging pattern is analogous to the “lawnmower” pattern
used in sidescan sonar surveys to create contiguous images of the seafloor. Depths
and areas surveyed at the Isle of Shoals can be found in Table 11. Underwater video
footage for each site was stitched together into a single mosaic (~100 m2) using texturebased methods described in-depth by Rzhanov et al. (2006).
Habitat maps were created from these photomosaics manually (Figure 28). Each
mosaic was viewed on a high-resolution computer screen and imported into Adobe
Photoshop. Once in Photoshop, kelp, non-kelp and substrate were manually
segmented. Each mosaic was georeferenced using positioning data from the GNSS
receiver embedded in the Nikon COOLPIX AW110 used in the pilot study, imported into
ArcGIS, and percent cover was calculated using the ArcGIS extension Patch Analysis.
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Table 11: Areas and depths surveyed and imaged at each Isle of Shoals study sites.

Area Surveyed

Depth of

Area Surveyed

Depth of

with MB Sonar

MB Sonar

with Diver

Diver Mosaic

(m2)

Survey (m)

Mosaic (m2)

(m)

11992

1 – 10.6

Cribbs Cove

100

1 - 4.8

Babbs Cove N

100

1.4 - 4.5

Babbs Cove S

100

2.7 – 4.2

Appledore Island West

Appledore Island East
Broad Cove

8567

0.5 – 14.2

100

4.1 – 5.1

Star Island

11395

0.7 – 20.2

100

7.4 – 8.4

White Island Cove

2245

0.5 – 9.7

100

2.9 – 3.9

White Island Exposed

4828

0.22 – 13.6

100

2.4 – 5.7
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Figure 28: Example diver mosaic
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Results
Six macroalgae habitat maps were created from the multibeam water column
backscatter data, collected over a total of ~6 hours and covering a total of 58640 m2. At
Nubble Light Cove, ~80 quadrats were sampled for canopy height, 49 of which were
used to compare canopy heights with those derived from the multibeam data. The
horizontal positioning uncertainty was much greater (~2-5 m) for the quadrat positioning
than for the sonar-derived surface difference data (<1 m) and thus a zonal average of
surface difference values within 5 meters radius of a quadrat point was used to compare
to the measured canopy height. Some quadrats were therefore eliminated because they
were not within 5 m of a multibeam data line. At the Isle of Shoals, five 100 m2
photomosaics were created from diver video data at each site, covering a total of 500
m2 .
Canopy Height
Ground-truth macroalgal height data collected by divers using quadrats showed
good agreement with sonar-derived canopy height (i.e., surface difference values)
(Figure 29). A Pearson’s correlation test was performed and indicate good agreement
(R2=0.6012; p<0.05). Canopy and bottom surface difference data tended to
underestimate the true canopy height where canopy height was lower (<20 cm);
however, where canopy height was higher (>20 cm), surface difference data tended to
overestimate the true canopy height.
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Figure 29: Sonar-derived and ground-truth canopy heights collected by divers.

Kelp- vs. Non-kelp-dominated Habitat classification
First, a habitat classification accuracy assessment was performed for Nubble
Light Cove. Only those quadrats (49 in total) that directly overlaid the surface difference
were used (e.g., there was no zonal averaging performed for this procedure). Quadrat
habitat type were used as the ground-truth reference data, following the methods of
Congalton and Green (2009). An error matrix produced an overall accuracy of 86%
(Table 12).
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Table 12: Error matrix for Nubble Light Cove habitat classification. Classified Data is sonar-derived, using
a 0.3 m threshold to classify acoustic surface difference; Reference Data is from diver quadrats.

Sonar-derived habitat type maps covered roughly ten times more area of subtidal
habitat than the diver mosaic at each site. The sonar-derived habitat type classification
estimated a higher percentage of bare areas at every site relative to the diver mosaics
(Figure 30). This was expected, as the photomosaics were biased to exclude bare
substrate, as they were collected in shallow areas chosen because of the presence of
macroalgal habitats and ease of access for divers. Divers noted that at Cribbs and
Babbs Coves in particular, a large, bare sandy area was present in the deeper sections
of the area surveyed with the multibeam, and this is reflected in the sonar-derived
estimate of approximately 68% cover of unvegetated, bare substrate. Therefore, as it
was known that the divers did not visit large bare sandy areas (the largest percent
classified as “Bare” in diver mosaic data was 4.67% at Babbs and Cribs Coves on
Appledore Island) and that almost all areas of rocky substrate were host to one of the
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macroalgal habitat types, the classified sonar data were filtered to exclude the areas
classified as “Bare”.
The relative percent coverage of kelp- and non-kelp-dominated habitat types in
sonar-derived and diver mosaic-derived data agreed within 10 percent at three sites
when classified habitat data from only vegetated areas are compared. With the
exception of the White Island Cove site, all estimates of the percent coverage of only
kelp-dominated habitat agreed within ten percent regardless of source (e.g.,
photomosaic or multibeam data). White Island Cove was the smallest site, covering only
2245 m2, with a shallow area entirely dominated by Chondrus crispus, and a deeper
area dominated by kelp species (J. Dijkstra, pers. Comm.); the disparity in estimated
kelp habitat cover is therefore expected as the photomosaic data were collected in the
shallow, Chondrus-dominated area.
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Figure 30: Percent cover for each habitat type in: diver mosaics (top), sonar-derived canopy height data
(middle), and sonar-derived canopy height with "bare" pixels removed (bottom).
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Discussion
This study presents a new method of assessing macroalgal assemblages over a
larger spatial scale than is possible using divers alone. This method was able to detect
and then measure the macroalgal canopy height to the precision required to delineate
between kelp- and non-kelp-dominated habitats in the Gulf of Maine. The Gulf of Maine,
like many other temperate seaweed habitats, is undergoing a dramatic long-term phase
shift from an ecosystem dominated by native kelp species assemblages to an
ecosystem dominated by invasive and native red filamentous macroalgal assemblages
(Harris and Tyrrell 2001; Dijkstra et al. 2017). This shift has implications for the structure
of the subtidal habitats, and for the biodiversity of the associated fauna (Dijkstra et al.
2017). Two of the concurrent shifts in structure of subtidal seaweed habitats that are
accompanied with this phase shift are: 1) an increase in the morphological complexity of
the habitat, and 2) a decrease in overall canopy height (Dijkstra et al. 2017). Therefore,
it follows that, as sonar-measured canopy height was found to be correlated almost 1:1
with actual canopy height, sonar-measured canopy height serves as a practical
indicator of macroalgal habitat type.
The methods developed here are capable of mapping macroalgal habitat in the
rocky subtidal areas over scales of 10’s to 1000’s of meters, at least one order of
magnitude larger than most ecological studies in the environment that usually rely on
diver data. By expanding the spatial scale of habitat studies, large scale patterns of
change can be observed rather than inferred from extrapolating smaller studies over
wider areas. Witman et al. (2015) noted that marine ecologists will need to expand their
observations beyond the spatial scale of manipulative field experiments in order to gain
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insight into the mechanisms working across scales that are relevant to anthropogenic
change in coastal ecosystems.
The use of a boat-based acoustic remote-sensing mapping technique such as
was presented here has the potential to dramatically increase the scale of ecological
observations and experiments in subtidal macroalgal systems. Ecological community
variables such as habitat type, depth of occurrence and canopy height can be
measured using these methods over larger and deeper areas than is possible using
diver observations and measurements alone (Witman et al. 2015). The methods
presented here allow us to understand and compare small- and large-scale habitat type
studies, and they can be used for large-scale experiments looking at shifts from kelp- to
non-kelp habitat types.
Remote sensing of macroalgal habitats can dramatically expand the footprint of
ecological studies and experiments. Much of the previous work in the remote sensing of
kelp habitats has been performed in the giant kelp forests of the Pacific coast (e.g., Van
Wagenen 2015; Uhl, Bartsch, and Oppelt 2016; Uhl, Oppelt, and Bartsch 2013; Bell,
Cavanaugh, and Siegel 2015; North, James, and Jones 1993; Casal et al. 2011). These
kelp forests are significantly different in two important ways from subtidal kelp habitats
in the Gulf of Maine with respect to optical and acoustic remote sensing. With respect to
optical remote sensing, giant kelp species grow to the surface, making them easily
visible in aerial or satellite imagery. Subtidal kelp forests in the Gulf of Maine, however,
grow only to heights of about 4 meters (Dijkstra et al. 2017) and are therefore not
usually visible on the surface of the water, rendering them invisible in aerial or satellite
imagery. With respect to acoustic remote sensing, giant kelps are detected easily
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because they have large air-filled bladders called pneumatocysts due to a high
impedance contrast with the surrounding water column (Wilson et al. 2013). Subtidal
kelp species in the Gulf of Maine lack these large pneumatocysts, and therefore their
detection by acoustic remote sensing techniques is driven by a yet-unknown impedance
contrast mechanism and appears to be less dramatic. This study represents another
important dataset, along with McGonigle et al. (2011) and others, for understanding this
mechanism’s variability, with such factors as sensor frequency or target species, of
detection of subtidal macroalgal habitats.
While the methods presented in this study are able to delineate between areas
dominated by kelp and areas dominated by non-kelp species, it is important to note that
this method is not able to definitively delineate actual species assemblages or to
determine whether these areas are dominated by native or invasive species. In order to
determine changes in the distribution of species assemblages, ground-truthed data via
divers, drop-cameras or other high-resolution imaging means will always be needed. In
the diverse temperate subtidal ecosystem, macroalgal species-level identification
cannot be accomplished based on canopy height alone.

Conclusion
This research demonstrates that:
1) Multibeam water column backscatter data, within 20⁰ of vertical incidence, can be
used to map macroalgal canopy height.
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2) By mapping canopy height, multibeam water column backscatter data can be
further used to identify areas of kelp-dominated habitat.
The methods presented here represent a significant contribution to remote
sensing and mapping methodologies for mapping and characterizing subtidal
macroalgal habitat. By studying data from beams within 20⁰ of vertical incidence or nadir
(usually ~40 measurements total), this method is more resolute than macroalgae
studies using a single vertical incidence beam sonar, which uses a single measurement
per ping. Unlike most previous studies of macroalgal habitats in the Gulf of Maine in
which data were collected via divers, the data collected here using water column
backscatter data from a multibeam sonar covered a much larger spatial extent, giving a
more geographically comprehensive map of macroalgae habitats for each study site
using data collected over only two high tides. When compared with ground-truth data
collected by divers in the field, acoustically-measured canopy heights and percent cover
of kelp-dominated habitat showed a significant level of agreement. The
recommendations for future work include developing specific survey data collection and
processing improvements to account for the complex morphology of the rocky terrain on
which macroalgae is found.
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CHAPTER III

NATURAL VARIABILITY IN THE ACOUSTIC SIGNATURE OF EELGRASS OVER
MULTIPLE TIDAL CYCLES

Abstract
When mapping seagrasses, understanding the canopy structure as well as the spatial
distribution is important. Acoustics methods, such as described in Chapter I, are
capable of measuring the canopy height of seagrass beds, but the uncertainty of those
measurements due to environmental conditions such as currents and waves is not
known. In situ monitoring protocols (e.g., SeagrassNet) define canopy height as the
length of a subset of seagrass blades, however, the canopy height measured in the
water by an acoustic sensor is affected by currents and waves that control the posture
of the blades relative to the seafloor. This study attempts to quantify the variability in
canopy height as measured by the center beam of a multibeam echosounder. Acoustic
backscatter, current profile and video footage were collected over four consecutive tidal
cycles using a stationary platform. Current velocities ranged from 0 to 0.25 m/s, and
acoustic canopy heights ranged from 40 to 80 cm. Acoustic canopy heights were
compared to canopy heights observed in the video, and showed good agreement in
most cases. The correlation between acoustic canopy height and horizontal current
velocity was compared to the vegetation reconfiguration model of Luhar and Nepf
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(2011), and it was found that acoustic canopy height did not decrease as much with
current velocity as predicted. Importantly, the findings of this study also indicate that
conventional bottom detection algorithms using the instant of maximum backscatter
amplitude will only be accurate at times when the seagrass canopy is upright, as the
instant of maximum backscatter amplitude is within the canopy when the canopy is
deflected under currents. The shape of acoustic backscatter profiles over deflected and
upright canopies were shown to be statistically different, and future work includes using
these differences to determine the uncertainty of an acoustic canopy height
measurement.

Introduction
Seagrasses play many important ecological and regulatory roles in temperate
coastal systems (Fonseca et al. 1982; Orth et al. 1984; Ward et al. 1984; Fonseca and
Fisher 1986; Eckman 1987; Fonseca and Cahalan 1992b; Grizzle et al. 1996; Koch and
Gust 1999; Beck et al. 2001; Koch 2001; Lazzari and Stone 2006; Orth et al. 2006;
Gorman et al. 2009; Lilley and Unsworth 2014). The implications of eelgrass habitat loss
compel regulators and resource managers to monitor the abundance, distribution and
relative health of eelgrass beds within their jurisdiction, both to prevent further losses,
and for documentation of changes in water quality. Seagrass mapping and monitoring
programs are usually accomplished through a combination of both remote sensing
surveys, such as aerial or satellite imagery, and in situ measuring of the health of the
seagrass plants themselves. An important limitation to optical remote-sensing methods
(e.g. Ackleson & Klemas, 1987; Costello & Kenworthy, 2011; Macleod & Congalton,
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1998; Short & Burdick, 1996) is that they are often hindered by environmental
conditions that block light transmission such as clouds or high turbidity.
The height of a seagrass canopy is an important measure of the health and
quality of the seagrass habitat. The canopy of seagrass beds has implications for the
associated fish diversity and fish habitat quality (Lee et al. 2001; Hori et al. 2009). The
canopy height of seagrass beds also has implications for the degree of impact that a
seagrass bed has on water flow velocity (Gambi et al. 1990; Luhar et al. 2008; Wang et
al. 2010; Luhar and Nepf 2013; Luhar and Nepf 2015) and waves (Fonseca and
Cahalan 1992a; Luhar et al. 2010). The sediment trapping capabilities of a seagrass
bed therefore are also determined by the canopy height, as these processes are linked
to the wave and current attenuation capabilities (Ward et al. 1984; Nepf 2012; Wilkie et
al. 2012).
Acoustic remote sensing methods are not limited by low water clarity or high
turbidity, which are often encountered in the estuarine habitat where seagrasses are
found. Unlike aerial and satellite photographs that are often incapable of deep edge
detection due to the increase in water opacity at depth (Costello and Kenworthy 2011),
acoustic methods can be used in optically-deep water to map seagrass beds. Eelgrass
can be distinguished from the water column by acoustic methods because the air-filled
tissues (lacunae) of the eelgrass have significantly different density and sound speed
than the surrounding seawater, creating a strong acoustic impedance contrast that
shows up in the acoustic return (Warren and Peterson 2007; Wilson and Dunton 2009).
Previous acoustic methods for mapping seagrass have used single-beam
echosounders (Sabol, Melton, et al. 2002; Riegl et al. 2005; Beduhn and Dijkstra 2011),
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side-scan sonar (Pasqualini et al. 1998), acoustic Doppler current profilers (Warren and
Peterson 2007), and sediment profiling sonar (Lefebvre et al. 2009; Paul et al. 2011).
Warren and Peterson (2007) documented the canopy height of eelgrass beds as distinct
from both the surrounding water column and seafloor using a high-frequency acoustic
Doppler current profiler. A multibeam echosounder (MBES) was shown by Komatsu et
al. (2003) and in Chapter I to be a useful acoustic tool for mapping seagrass beds as
well. Many of the acoustic methods have the ability to map the seagrass canopy and
other three-dimensional structural properties due to their ability to provide both position
and depth values for each data point
However, canopy height as measured on the water with these sensors varies
from the definition of canopy height used by many in situ manual monitoring protocols.
For example, the SeagrassNet monitoring protocol measures canopy height as the
blade length of individual plants within a quadrat after “ignoring the tallest 20% of
leaves” (Short et al. 2006). Unlike this standard manual measurement of canopy height,
the canopy height measured in the water by an acoustic sensor is affected by other
environmental conditions, such as currents and waves that control the posture of the
blades relative to the seafloor (Luhar and Nepf, 2011).
Several mapping studies have named currents as a possible cause for the
underestimation of canopy height measurements from acoustics relative to manuallymeasured canopy heights (Sabol et al. 1997; Sabol, Melton, et al. 2002; Sabol et al.
2007; Warren and Peterson 2007; Stevens et al. 2008; Lefebvre et al. 2009; Paul et al.
2011). When mapping seagrass from a boat, currents and waves affect the canopy
structure. Seagrass blades tend to ‘lay-over’ in order to accommodate the
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hydrodynamic stresses placed upon the individual blades, causing more than a 50%
reduction in canopy height relative to blade length (Fonseca et al. 1982; Fonseca et al.
1983; Ghisalberti and Nepf 2002; Abdelrhman 2007; Ghisalberti and Nepf 2009; Luhar
and Nepf 2011; Luhar and Nepf 2012). The canopy also may respond to currents by
inducing a “monami”, a periodic (0.125-0.156 Hz) synchronous (i.e., in-phase) waving of
the plants due to canopy-scale vortices passing over the bed (Ackerman and Okubo
1993; Grizzle et al. 1996; Ghisalberti and Nepf 2002; Nepf 2012). Such monami motion
would be manifested as a periodic deflection in the height of the measured canopy for a
given location.
Luhar and Nepf ( 2011) developed a model to characterize the drag and posture
of submerged aquatic vegetation for applications such as the settlement of suspended
sediment in canopies, self-shading mechanisms within canopies, and overall canopy
drag parameters for hydrodynamic models. Unlike previous models (e.g., Abdelrhman
2007; Fonseca et al. 1982), the model uses parameters related to both the buoyancy
and stiffness of plant blades to calculate the deflected height, effective length and
bending angle of the plant blades. Luhar and Nepf have tested their results against both
real and synthetic, scaled eelgrass (Zostera marina L.) and other submerged
vegetation blades in flume experiments, but not yet in the field.
This Luhar and Nepf model is of interest in the acoustic mapping of seagrass
canopy height because it allows for the calculation of an expected deflected canopy
height as a function of blade length and current magnitude. This deflected canopy
height is in essence what is measured when acoustic canopy height is measured, and,
if the model’s predictions are also seen in the field, it may be possible to calculate the
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blade length from the acoustic data if current magnitudes are concurrently monitored
during surveys or determined by hydrodynamic modeling.
In order to accurately characterize seagrass beds using acoustic methods, the
relationship between acoustic signals from canopies in various configurations driven by
currents must be better understood. Sabol et al. (1997) found that both the acoustic
incident angle and blade angle was very important in controlling the acoustic signature
from a single eelgrass blade. Specifically, backscatter intensity was found to be lower
with a vertically -aimed transducer insonifying an erect blade or a horizontally-aimed
transducer insonifying a blade lying flat, than with a vertically-aimed transducer
insonifying a blade laying over or a horizontally-aimed transducer insonifying an erect
blade (Figure 31). Extrapolating from the observations of Sabol et al. (1997) with a
single blade, it may be expected that the posture of a seagrass canopy relative to the
sonar transducer will have implications for the strength and shape of the return from the
canopy within the footprint of the sonar beam.
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Figure 31: Expected higher and lower backscatter scenarios based on the angle of incidence between the
sonar beam and eelgrass blade posture.

This study examines the behavior of the eelgrass canopy as a function of current
strength and then quantifies the difference in relative return backscatter strength as well
as the echo return shape parameters for a seagrass canopy in both the upright and
deflected postures. This work expands on the successful use of echo return shape
parameters for seafloor characterization applications where the transmitted acoustic
energy scatters differently when it encounters materials with varying acoustic properties
in the water column or on the seafloor (Dijkstra and Mayer 2000; Brown et al. 2011;
Humberston 2015).
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This study presented here sought to answer the following research questions
regarding the natural variability of the vertical incidence acoustic return from an eelgrass
bed: 1) What is the variability with current magnitude in the backscatter intensity
returned from an eelgrass canopy and the seafloor below?; 2) What is the variability
with current magnitude in the echo shape parameters from a seagrass canopy?; 3)
What is the variability with current magnitude in canopy height as measured by an
echosounder 4) and Does it follow the canopy deflection model of Luhar and Nepf
(2011)?. To answer these questions, seagrass canopy posture and current velocity
were monitored continuously over four tidal cycles while vertical incidence acoustic data
from the center beam of a shallow-water (200 kHz) multibeam echosounder was
concurrently collected from a single location above the dense eelgrass bed.

Methods
Study Site
Portsmouth Harbor is located where the Piscataqua River, which drains
the Great Bay estuary, meets the Atlantic Ocean. The bottom in Portsmouth Harbor
consists of sandy to gravelly substrate, in which eelgrass grows. The Piscataqua River
is characterized by tidal channel depths of typically 15 m, a tidal range of around 3 m,
and maximum current speeds of 0.5 to 2 m/s (Swift and Brown 1983). Because of its
location near the open ocean coast and the mix of soft and hard substrates, there are
many locations within this area where eelgrass beds are adjacent to beds of attached
macroalgae (e.g., Laminaria sp.,).
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The data for this study were collected on the south side of the harbor within a
sheltered area created by the University of New Hampshire (UNH) Marine Research
Pier and the US Coast Guard Station at Fort Point (Figure 32) on May 29th and May
30th, 2016. This site was chosen because within the cove there is a dense monospecific
eelgrass bed, and because the UNH pier itself provided a secure location with easily
available electric outlets from which to deploy and closely monitor instruments that
would be exposed at low tide. Preliminary current velocity data collected on the west
side of the pier (Malik, unpublished) indicated that the maximum current velocities at
this location would be no more than 0.5 m/s and on the ebb tide.

Figure 32: The study site was located at the UNH research facility pier in New Castle, NH.
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Instrument Deployment
From May 29th to May 31st, 2016, an instrumented frame (Figure 33) was
deployed in the eelgrass bed in the cove adjacent to the UNH Judd Gregg Marine
Research Pier to collect acoustic and current data over four consecutive tidal cycles.
Due to the shallow nature of the deployment site, data was only collected for roughly
two-thirds of each tidal cycle as instruments and frame were partly exposed at the lower
tides (Figure 33). The semi-circular aluminum frame included a mounting plate for a
multibeam echosounder (MBES) and an acoustic Doppler current profiler (ADCP), as
well as an underwater high-definition (HD) camera (Figure 35). The multibeam
transducer and camera were connected to a deck box placed on the floating dock below
the main surface of the pier (Figure 33); the ADCP was powered by an internal battery
that had to be changed roughly every two days and data were logged to an internal SD
card. The manufacturer and model details for each component are found in the
following sections. The frame was set just over 4 m from the floating dock (Figure 34),
as well as 4 m from the landward margin of the eelgrass bed. The XYZ coordinate
system of the ADCP was used to reference measurements to the frame as the x-axis of
the ADCP was aligned with the axis of the frame itself, as well as the across-track axis
of the swath of the multibeam echosounder (Figure 35).
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Figure 33: Instrumented frame with labelled sensors at dead low tide.
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Figure 34: Instrumented frame at low tide with coordinate reference system axes indicated
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Figure 35: Schematic of instrumented frame and sensor measurement footprints.

Multibeam Echosounder
A multibeam echosounder (MBES) transducer was mounted on the apex of the
semi-circular frame, ~1.5 m above the seafloor and ~1 m from the top of the canopy.
The MBES system used for this deployment was a Teledyne Odom MB1. This system
was suitable for this deployment not only because of small, compact size of its
transducer and signal processor but also because it is the same sonar system used for
the eelgrass surveys described in Chapter I. However, for this deployment, the swath
was restricted to only 90° (+/-45 on each side of nadir) to avoid interference with the
aluminum frame itself (Figure 35). This MBES system allows for user-configured pulse
length, frequency and ping rate. The frequency was set to 200 kHz as this is a common
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frequency for shallow-water single- and multibeam sonars that are used for seagrass
mapping, and the ping rate was set to 2 Hz, to limit data storage needs while capturing
canopy motion with sufficient temporal resolution relative to the rate of current velocity
measurements (1 Hz). The pulse length used was the minimum length of 50
microseconds, resulting in a range resolution of 3.6 cm. The beamwidth of 2.4° resulted
in a footprint of the nadir beam used for this experiment of roughly 20 cm in diameter at
the seafloor
MBES data were processed in the following steps: 1) simple phase-shift
beamforming was performed on the transducer element voltage (i.e., IQ) data (see
Lurton, 2002, Chapter 2 for a mathematical explanation of phase-shift beamforming); 2)
data were filtered to only preserve the nadir beam; 3) nadir beam data were averaged
over 1 minute and 10 minute stretches across each depth bin into average backscatter
profiles; 4) bottom and canopy detection was performed using methods from Chapter I
on both sets of the averaged backscatter profiles, and; 5) echo characteristics such as
total energy content (TEC), and skewness and kurtosis were calculated for the
canopy/bottom return signal for each averaged backscatter profile. Skewness is a
measure of the asymmetry of the return relative to a normal distribution (i.e., is the
return right- or left-skewed?) and kurtosis is a measure of the “peakedness” of the
return relative to a normal distribution (i.e., how much energy is in the leading and
trailing tails of the return) (Rogers 2014; Humberston 2015). Throughout the
experiment, all of the raw transducer element data were collected, although, after
phase-shift beamforming was performed in MATLAB, only the nadir beam was used for
this study. This dataset offers the potential for a follow-up engineering study to optimize
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beamforming parameters and signal processing for eelgrass canopy detection and
optimizing bottom detection algorithms in dense eelgrass canopies.
Current Measurements
An AquaDopp High Resolution pulse-coherent current profiler was deployed
1.4m from the seafloor in the downward-looking configuration during the entirety of this
study. It took several days to calibrate the data collection settings to the environment
due to the presence of the eelgrass within the 3-beams of the AquaDopp, as well as
known phase-wrapping and velocity ambiguity issues in the presence of fast currents for
pulse-coherent profilers (Rusello 2009). The 2MHz frequency setting was used and
therefore, prior to deployment, the AquaDopp and MB1 were deployed and run
simultaneously in the acoustic tank at the Chase Ocean Engineering Laboratory at the
University of New Hampshire prior to the experiment to ensure that the two instruments
would not interfere with one another. All the data collection settings for the AquaDopp
that were used for the current velocity data presented in this study are found in Table
13. The AquaDopp collected both horizontal and vertical current velocities, as well as
pressure (e.g., depth), sound velocity, pitch, roll and heading data. In examining the
motion data, the instrumented frame did not move more than 0.2° along either the pitch
or roll axes, or more than 1° on the heading axis (Figure 36) and therefore we can
consider the frame a stable platform.
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Table 13: AquaDopp data collection settings used.
Nominal Horizontal Velocity Range

0.28 m/s

Nominal Vertical Velocity Range

0.12 m/s

Pulse Frequency

2 MHz

Averaging Interval (e.g., data reporting frequency)

1 Hz

Sampling Distance

0.96 m

Blanking Distance

0.10 m

(e.g., distance from transducers to first measurement bin)
Bin Size

0.03 m

Extended Velocity Range

OFF

Figure 36: AquaDopp motion sensor data over the entire dataset (all four tidal cycles).
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Vegetation presence in 3 beams of the ADCP is known to interfere with the
integrity of the velocity data as the instrument can end up tracking the movement of
vegetation blades instead of the particles in the water itself. Therefore, the first step in
post-processing these data was to find the top of the canopy in beam backscatter
amplitude data using methods similar to those used for eelgrass and macroalgae
detection in Chapters I and II (e.g., finding the leading edge of the bottom return) and
masking all velocity measurements in bins below the bin flagged as the top of the
canopy. Beam correlation data for each beam were also used to qualitatively confirm
the location of the top of the canopy in each of the profiles, following the manufacturer’s
(Nortek) guidance. Data were then transformed from beam-relative velocities to
experiment-frame (i.e., XYZ) coordinate velocities using the AquaDopp’s internal
transformation matrix (see Russello 2009 for a detailed description of the coordinate
transformation process).
Camera
An underwater high definition (HD) camera was deployed on the frame along
with the acoustic instruments in order to provide a visual record of what was occurring in
the footprints of both the MBES and ADCP, as well as to record the posture of the
canopy at any given moment during the deployment. An Ocean Systems Delta Vision
HD camera was placed on the aluminum frame to look across the length of the frame,
from one leg to the other. This camera was wired to the deck box on the floating pier,
where it was passed through an Analog to HDMI converter, and then to an El Gato
Game Capture device connected to the laptop running the El Gato Game Capture HD
software. The video frame rate was 30 frames-per-second. Additionally, a driveway
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marker marked at 5 cm intervals was placed in the frame of the camera (but outside the
footprint of the MBES and ADCP) to reference the height of the canopy in each frame
(Figure 37).

Figure 37: Screen captures of video from an upright (left) and deflected/prone (right) canopy. Note
marked driveway marker in right of each frame.

Eelgrass Plant Characteristics
Interactions between currents and a submerged canopy, such as that
characterized by the model of Luhar and Nepf (2011), are governed not only by the
characteristics of currents themselves but also by the canopy geometry. The canopy
geometry is defined by the physical dimensions of the plants themselves, including the
length, thickness and width of the leaves (i.e., blades) as well as the number of plants
per unit area (i.e., shoot density). Several measurements of the physical characteristics
of the eelgrass plants at the experiment site were taken during and after the experiment.
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Prior to and during the deployment, 34 eelgrass plants were manually harvested from
areas adjacent to the equipment frame. For each plant, the number of blades, blade
length, blade width and blade thickness were measured. At the end of the deployment,
measurements of blade length and shoot density were taken by divers using a 0.25 m2
quadrat directly underneath the equipment frame.

Results
Currents
Due to the shallow nature of the deployment site, data were only collected on the
upper two-thirds of each tide (Figure 38). Maximum horizontal current speeds were
approximately 0.24 m/s and ran primarily perpendicular to the axis of the frame, on the
y-axis (e.g., +/- 90° direction). Vertical velocities were also recorded but were observed
to usually not exceed 0.05 m/s. Vertical velocities were therefore considered
insignificant relative to horizontal velocities. The fastest horizontal currents were seen
on the lower half of the recorded tide, probably due to the outer wall of the UNH pier
itself, which largely blocked flow in the upper half of the water column.
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Figure 38: Four tidal cycles over which data was collected. Blue dots represent points of actual data
collection, overlaid on water level data from NOAA tide gauge 8423898 that is also located within this
sheltered area.

Interestingly, the currents do not show an exact reversal of direction when the
tide switches, but rather long periods of low current speeds flowing away from the pier
(e.g., -90° of -y direction). These long periods of low flow through the deployment site
are confirmed by the video footage that shows the plants neither fully upright nor fully
deflected. Therefore, data analysis for this study focused only on six- to ten-minute
periods of during which plants were either fully deflected, or fully upright, and the
currents were coming only from directions perpendicular to the frame (e.g., +/- y or +/90°) to greatly decrease the likelihood that analysis could include currents influenced by
the presence of the frame itself. The decision to differentiate between the +y- and -ydirection data was made because when the canopy was deflected and the current was
from the -y-direction, horizontal current profiles were less uniform than from the +y
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direction; there were higher and more variable vertical velocities, indicating more
turbulent conditions (Appendix D). Figures in Appendix D highlight what subsets of each
tide were analyzed by “case” (Table 14). Example figures from the afternoon tide on
May 29th are shown below (Figure 39, Figure 40, Figure 41).

Table 14: Four cases of data subsets.

Canopy Posture

Current Direction

Case 1

Deflected

+y

Case 2

Deflected

-y

Case 3

Upright

+y

Case 4

Upright

-y
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Figure 39: Horizontal current speed for the entire water column above the canopy for the afternoon tide
on May 29th. Figures for each tidal cycle can be found in Appendix C.

Figure 40: Vertical current speed for the entire water column above the canopy for the afternoon tide on
May 29th. Figures for each tidal cycle can be found in Appendix C.
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Figure 41: Depth-averaged horizontal current speed and direction, and pressure data for the afternoon
tide on May 29th. Figures for each tidal cycle can be found in Appendix C.
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Table 15: Table of replicate cases for each tidal cycle
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Eelgrass Plant Characteristics
Table 16 shows the characteristics from the eelgrass plant measurements.
Table 16: Eelgrass blade and bed characteristics measured during the deployment.

Blade length

Mean

59 ±10 cm

Median

58.6 cm

Maximum

87.7 cm

Minimum

22.6 cm

Blade width

0.5 ± 0.06 cm

Blade thickness

0.035 ± 0.026 cm

Shoot density

108 ± 7 shoots/m

Number of blades per shoot

7 ± 2 blades/shoot

2

Predicted Canopy and Current Interactions
Using these blade dimension measurements, a roughness density for the
eelgrass bed was calculated to guide what regime of interactions we would expect
between the canopy and the flow around it, following Nepf (2012). The regime of
interactions between the flow and the canopy determines both the behavior of the flow
around and through the canopy, and also how the canopy will react by changing its
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posture. The roughness density, lf, is a nondimensional measure of the canopy density
per canopy frontal area, or the volume fraction occupied by canopy elements, where m
is the number of blades per bed area, d is the blade width, and h is the blade length.
𝜆$ = 𝑚𝑑ℎ
The number of blades per area was calculated by extrapolating the mean number of
blades per shoot using the shoot density measured by the divers using quadrats (Table
16).
The roughness density of this bed was found to be 2.3, higher than 0.1,
indicating that this bed was expected to interact with the flow as a dense bed (Belcher
et al. 2003; Nepf 2012). In a dense bed, the drag introduced to the flow by the canopy is
large compared to the bed drag. This differential creates an inflection point in the
current velocity profile near the top of the canopy as the flow within the canopy is
significantly slower than the flow above the canopy. To test whether the eelgrass bed in
which instruments were deployed indeed behaved hydrodynamically as a dense bed,
the averaged horizontal velocity profiles for each of the 4 cases for each of the 4 tidal
cycles were fit to the typical hyperbolic tangent profile of a mixing layer, following
Ghisalberti and Nepf (2002) and Lacy and Wyllie-Echeverria (2011). In almost all cases,
the averaged velocity profiles were close to fitting the expected mixing layer velocity
profile for the same current velocities and canopy heights, with the inflection points align
with the top of the canopy (Figure 42) confirming that the bed was hydrodynamically
dense.
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Figure 42: Average current profiles, terminating at the canopy-water column interface. Dashed lines are
mixed layer profiles predicted using plant bed characteristics and current profile characteristics.

Acoustic Echo Shape
For each of the four cases for each of the four tidal cycles, the center beam
backscatter profiles were averaged across all pings, and results can be seen in Figure
44. Top-of-canopy and bottom detection using the methods used in Chapter I and II was
also performed on these averaged profiles, and results are indicated as triangle and
circles along profiles in Figure 44. The echo shape for the upright canopy has less
consistent shapes and higher numbers of peaks than the deflected canopy profiles,
which only show 2 peaks. Additionally, the leading edge of the canopy and bottom
return is higher in the water column for upright echoes, consistent with the hypothesis
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that the leading edge is a proxy for the top of the canopy as postulated in Chapter I.
Interestingly, all profiles show at least a small peak at the seafloor/sediment interface.
However, the peak is always higher in backscatter amplitude in the upright canopy
profiles.
Center beam backscatter profiles averaged over pings for one minute were also
examined, and echo statistics were calculated. As in the 6- to 10-minute averaged
profiles, the backscatter at the last local maximum bottom detection point was always
higher in amplitude when the canopy was upright than when the canopy was deflected
(Figure 44). However, the backscatter amplitude at the top-of-canopy detection point
was virtually the same for upright and deflected canopy cases (Figure 45), with the
exception of several profiles from the second tide of May 30th, when plants were upright
and current was in the -y-direction (case 3). In this subset, the backscatter amplitude at
the top-of-canopy detection was significantly higher than in other profiles (circled in
Figure 45). These higher backscatter amplitudes can likely be attributed to the presence
of many air bubbles on the plants visible in the video data at this time (Figure 46). The
hours preceding this data subset were hot and sunny, leading to offgassing by the
plants at this time. Overall, there is little difference between the backscatter amplitudes
at the top-of-canopy detection points between the upright and deflected canopies. This
is because the top-of-canopy detection point is at the leading edge of the return and not
the peak backscatter amplitude of the first peak within the canopy, which is often lower
within the upright canopy than the deflected canopy.
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Figure 43: Average acoustic backscatter amplitude profiles for each tidal cycle. Triangles indicate canopy
detection points, and circles indicate bottom detection points.
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Figure 44: Backscatter amplitude at bottom detection point by depth-averaged current speed.

Figure 45: Backscatter amplitude at instant of canopy detection by depth-averaged current speed.
Dashed line indicates time amplitudes from when air bubbles were present on plants.
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Figure 46: Screenshot of video from the second tide of May 30th, when plants were upright and current
was in the -y-direction (case 3). Note air bubbles present on eelgrass blades.

Backscatter Amplitude at Canopy and Bottom Detection Points
Another important feature of the echo shapes was the depth of the maximum
backscatter amplitude along the profile. This is an important feature because many
conventional bottom detection algorithms for beams at or near vertical incidence use the
instant of the maximum backscatter amplitude to determine the depth of the seafloor
along a backscatter profile (Lurton 2002). In almost all cases, the maximum was found
to be within the canopy for the deflected canopy cases, and at the last local maximum
bottom detection point for the upright cases (Figure 47). The percentage of profiles for
which the maximum backscatter amplitude was above the last local maximum bottom
detection point was calculated for each of the four cases for each of the four tidal cycles
(Table 17). For case 1 and 2, with deflected canopies, the maximum backscatter
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amplitude was within the canopy for over 50% of the minute-averaged profiles. The
maximum backscatter amplitude value itself was also slightly higher for upright canopies
(Figure 48), and the total energy content of the echoes was nearly the same for both
upright and deflected canopies (Figure 48).
For a few profiles when the canopy was generally deflected and the current was
from the -y-direction (case 2), the maximum backscatter amplitude was actually located
at the bottom detection point. Although the canopy was largely deflected during the
case 2 data subsets, the plants were also observed waving up and down in slow
oscillations that may be related to the monami phenomena observed in seagrass beds
with well-developed flow (Grizzle et al. 1996; Ghisalberti and Nepf 2002; Luhar and
Nepf 2012). To confirm the presence of monami, additional data analysis including
spectral analysis of the current and canopy height data would need to be performed,
and presents an opportunity for future study. Relevant to this study, however, the
oscillations may temporarily remove the plants from the deflected position, therefore the
plants are not obscuring the bottom in the footprint of the sonar beam at that instant.
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Figure 47: Depth at which the maximum backscatter amplitude is recorded by depth-averaged current
speed.

Table 17: Percent of pings where maximum amplitude point is not located at the same point in the profile
as the bottom detection point.
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Figure 48: Maximum backscatter amplitude by depth-averaged current speed.

Figure 49: Total Energy Content (TEC) by depth-averaged current speed.
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Acoustic Echo Shape Statistics
Total energy content is defined as the sum of the backscatter amplitudes of all
samples within the return. It is surprising that total energy content would be similar for
both upright and deflected canopies as the scattering mechanisms are expected to
direct sound in different directions for each case.
Trends between upright and deflected canopies were also observed in the
skewness and kurtosis of the echoes. Skewness and kurtosis are measures of how the
shape of the echo deviates from a normal distribution curve. Skewness in particular is a
measure of the asymmetry of the echo shape, with a positive skewness value indicating
a skew to the right (Parrish et al. 2014; Rogers 2014; Humberston 2015). Skewness
and kurtosis were both higher in upright canopy conditions than when the canopy was
deflected (Figure 50 and Figure 51).

Figure 50: Echo skewness by depth-averaged current speed.

147

Figure 51: Echo kurtosis by depth-averaged current speed.

Acoustic Backscatter Data
Acoustic backscatter data were processed to examine two different
characteristics: 1) the canopy height as detected using the methods from Chapter I,
and; 2) the shape of the echoes from a fully deflected and a fully upright canopy, using
the data excerpted from the same time windows as were used to examine the current
data (e.g., cases 1, 2, 3 and 4 for each tide).
Interestingly, at one point during the afternoon tide on May 30th, it appears that
the acoustic backscatter profile shows two canopy features above the bottom (Figure
52). The canopy detection algorithm picked the upper feature as the top of the canopy.
However, the video data from that time shows a single eelgrass plant hovering higher
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above the bulk of the canopy (bottom left, Figure 52). This is significant for two reasons:
1) a single plant has the acoustic reflectivity to be detected by the echosounder and
algorithm and; 2) this single plant can bias the canopy height higher than the true height
of the canopy of most of the plants.

Figure 52: Time series of acoustic canopy height and depth-averaged horizontal current speed for the
entire afternoon tidal cycle on May 30th (top), video screen capture (bottom left), and acoustic
backscatter amplitude profile (bottom right).
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Canopy Height
For each of the four subsets of data from each of the four tidal cycles, the
backscatter profile from the center beam was averaged over 1-minute periods, and
canopy and bottom detections were performed on these averaged profiles. For
comparison, canopy heights as read off the 5-cm interval measurement staff in the
video data were visually averaged over concurrent 1-minute intervals. Taking
measurements of canopy height using this staff was a more difficult task than
anticipated because the plants were of varying lengths and often in varying degrees of
deflection in response to currents (i.e., the canopy is not behaving as a single unit at
this scale), as well as almost always slightly waving, especially during case 3 and 4
videos where the plants were overall categorized as “upright”. Therefore, the precision
of this measurement is estimated at 5 cm. Figure 53 shows the correlation between
MB1-measured canopy heights and those estimated from the video, including the
expected 1:1 trend line, bounded by the range resolution of the sonar (~3.6 cm) and the
precision of the staff (5 cm). The low correlation between canopy heights derived from
video and MB1 (R2 = 0.49) can possibly be attributed to: 1) the slight spatial offset
between the staff and the actual footprint of the sonar because the presence of the staff
would interfere with the acoustic signature of the canopy, and; 2) the aforementioned
difficulty in reading the measurement staff, especially in upright canopy condition when
currents ran in the -y-direction. Figure 54 shows a typical still image from case 4
subsets from the four tides. To test whether it was only the case 4 readings that were
low in correlation, the correlation was calculated in the absence of the data (Figure 55;
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R2=0.76) indicating that the initial low correlation value was most likely due to the
spurious case 4 measurements.

Figure 53: Canopy height from video and sonar data, for all four cases from all four tidal cycles. The solid
line represents a 1:1 correlation ,bounded by the range resolution of the MB1 (red dashed line – 3.75 cm)
and the precision of the driveway marker (black dashed line – 5 cm).
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Figure 54: Typical case 4 (upright canopy, -y-direction) showing variability of shoot postures along
measuring rod within frame

152

Figure 55: Canopy height from video and sonar data, for all cases besides case 4 (upright, -y-direction)
for all four tidal cycles.

Canopy Height as a Function of Current Speed
Acoustically-measured canopy heights were also examined as a function of
horizontal current speed (Figure 56). Plants experienced a reduction in canopy height of
~25%, or 20 cm over a current speed decrease of ~0.1 m/s. This decrease in canopy
height is far lower than that predicted by the model of Luhar & Nepf (2011), which, even
when calculated using the plant parameters measured in the field and the lowest
elasticity modulus as given in their modelling report (0.4 GPa – from Bradley and
Houser 2009) predicts that canopy height will be reduced by 50% by a current speed
increase of 0.1 m/s (Figure 56).
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Figure 56: 1-minute averaged acoustic canopy height as a function of current speed (points with 95%
confidence intervals) overlaid on predicted canopy heights under same current forcing for each of the 34
measured eelgrass blade lengths (black curves).

Discussion
This study has examined the natural variability in the acoustic signature and
canopy height for a dense eelgrass bed over 4 tidal cycles in a single location. Acoustic
canopy heights varied by as much as 30 cm over the experiment, and although acoustic
canopy height was correlated to current magnitude, the plants did not deflect as much
as expected based on previous lab studies (Luhar and Nepf, 2011).
First, it is important to recognize that the algorithm developed in Chapter I was
capable of detecting the eelgrass canopy throughout the entire range of canopy
postures under variable currents within the same bed. This is significant because it
suggests that the ability of the algorithm to detect the canopy is driven by characteristics
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of the canopy itself (e.g., plant density, canopy height) rather than the environmental
conditions acting on the bed.
It is well-known that conventional (e.g., weighted-mean-time; center-of-mass;
instant of maximum amplitude) bottom detection algorithms often fail within dense
seagrass beds (Sabol et al. 1997; McCarthy and Sabol 2000; Sabol and Johnston 2001;
Sabol, Burczynski, et al. 2002; Sabol et al. 2007; Beduhn and Dijkstra 2011; Beduhn
2012). This failure is due to both the higher relative strength of return from the overlying
canopy and the elongation of the shape of the overall seafloor and near-seafloor return
in the presence of a canopy. This study has also shown that the posture of the eelgrass
canopy during an acoustic survey has implications for the accuracy of the detection of
the canopy and for the detection of seafloor beneath. First, this study shows that the
algorithm developed in Chapter I is capable of detecting both the top of the canopy and
the seafloor beneath under a range of flow conditions and resulting canopy postures,
despite varying shapes of the seafloor/canopy return. The use of the last local maximum
for bottom detection provided a more accurate and stable bottom detection in the dense
canopy here both when the canopy was upright and fully deflected.
Second, this study clearly confirms that if using a conventional bottom detection
algorithm for hydrographic depth-sounding, the best surveying conditions are low flow
conditions where the eelgrass canopy is as close to upright as possible, e.g., at slack
tide. Low flow conditions would also be preferable for surveying to measure the canopy
as well, if trying to characterize the blade length of the plants via the acoustic canopy
height.

155

The results of this study also show that there are significant differences in the
shape of the return from a deflected canopy and an upright canopy. When the canopy is
upright, the backscatter amplitude of the peak from the seafloor itself is stronger and is
the maximum backscatter amplitude for the entire return, preceded by several smaller,
randomly distributed peaks that are within the canopy itself. In contrast, when the
canopy is fully deflected, the maximum backscatter amplitude is often within the canopy
itself, followed by a single well-defined high backscatter amplitude peak from the
canopy. When the canopy is fully deflected, the backscatter amplitude of the peak from
the seafloor is also lower than the maximum backscatter amplitude peak within the
canopy. The skewness and kurtosis of the return from the canopy and bottom are also
higher when the canopy is upright than when the canopy is deflected. These statistical
moments are essentially measures of the distribution of energy throughout the return,
and higher values indicate higher amounts of energy towards the “right” side of the
return, e.g., the tail of the return. Therefore, it is not surprising that the skewness and
kurtosis are higher for the upright canopy, where more energy is likely scattered
throughout the canopy as the blades are more randomly distributed throughout the
footprint of the sonar than when the blades are deflected and concentrated at one
vertical location within the beam profile. This study also extrapolates the findings of
Sabol et al. (1997) whose experiments insonifying a single eelgrass plant showed that a
plant that is lying flat (e.g., broadside to the beam) has a stronger backscatter signal
than plants that are upright in the beam, although both can be detected acoustically.
This study did not validate the model of Luhar and Nepf (2011) for the
reconfiguration of SAV under different flow conditions, and therefore the model requires
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additional work before it can be directly used to invert from acoustic canopy height to a
blade length. However, what this study does offer is a few useful indicators, such as
skewness, kurtosis and the distribution of energy peaks in the return between the
canopy and the seafloor, which can be used to infer from the acoustic backscatter data
what the posture of the canopy was at the time of surveying. These indicators, coupled
with coincident current measurements in the survey area to determine whether the flow
was high enough to cause deflection (e.g., at least over 0.1 m/s), following both Luhar
and Nepf (2011) and Fonseca and Kenworthy (1987)) can help to estimate the
uncertainty of the canopy height measured acoustically during the survey due to canopy
posture.
There are several possible reasons why the canopy heights measured here did
not correlate to the canopy heights predicted for the same current velocity magnitudes
by the model of Luhar and Nepf (2011). One obvious difference between the laboratory
experiments used to develop the model and the conditions encountered in this
deployment were that the experiments were conducted using a single, scaled, synthetic
eelgrass plant, whereas this deployment occurred over a dense bed with roughly 108
eelgrass plants/m2. In this deployment, the plants may have been prevented from
bending as far as the model predicted by the presence of other plants in the canopy.
Luhar and Nepf did favorably compare their results to those taken over a dense bed
(~500 plants/m2) in a flume from Fonseca and Kenworthy (1987); however, their
comparison spanned a much larger range of current velocities (up to 0.5 m/s) and the
level of agreement at smaller velocities is unclear. This study used a depth-averaged
current velocity magnitude to calculate the expected postures of the canopy; a more
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detailed current velocity profile study may be needed to understand the effects of
neighboring blades in three dimensions on the posture of individual canopy elements
(e.g., individual blades), as suggested by Luhar and Nepf (2011) .
The characteristics of the plants themselves were also different between the
model studies and the plants at the deployment site. The model assumes “strap-like
morphology” for the plants where stiffness and buoyancy are evenly distributed from the
base of the plant at the sediment to the tip of the blade. In the field, however, eelgrass
plants have a short, stiffer basal sheath that protects the developing leaves and the
meristem that connects the blades to the belowground parts of the plant (Kuo and
Hartog 2006). If these plants have stiffer elements near the base of the leaves, the
canopy as a whole would be unable to bend past a certain point that may be higher up
than predicted by the model. This change in the morphology assumed by the model
would also apply to reproductive shoots that have a more rigid stem and protrude above
the canopy; however, only a small number of reproductive shoots were encountered in
the bed in and around the deployment site. Luhar and Nepf mention in their study that
epiphytes on the surface of the seagrass blades may add skin friction to the dynamics
of the canopy/current interaction, and their model only accounts for the form drag of the
plant’s shape. Epiphytes were observed on the plants in the video footage, however,
skin friction is only expected to become important at current velocity magnitudes over
0.3 m/s, well above the maximum currents experienced here. Additionally, it should be
noted that the buoyancy and elasticity of the plants were not directly measured here but
inferred from the literature.
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There are many future directions and studies that could be undertaken to build
on the conclusions found in this study. For example, there is the opportunity to explore
how different beamforming techniques could be used to improve SAV canopy or bottom
detection in areas of dense SAV.
Current and video data collected as a part of this study, particularly during case 2
when the canopy was mostly deflected and current was in the -y-direction, showed the
possible presence of the phenomena known as monami, where plants synchronously
wave at a known frequency related to the flow and canopy characteristics in response to
vortices passing over the top of the canopy, as describe in detail by Ghisalberti and
Nepf (2002). These data could be further analyzed (e.g., with spectral analysis) to not
only confirm the presence of monami at these times, but also to examine if these
phenomena are either detectable in the acoustic canopy height data or increase the
variability of the measurement of the acoustic canopy height.
An important next step for this work would be to utilize the echo characteristics
described here for upright and deflected canopies in a clustering algorithm to classify an
eelgrass canopy as either upright or deflected. Many precedents for clustering
algorithms in seafloor characterization exist in the literature (e.g., Dijkstra 1999; Preston
2006; Preston 2009; Humberston 2015).
Lastly, the effects of light levels and therefore levels of photosynthetic activity
were not examined as a part of this study. However, as the acoustic response of
eelgrass and other seagrasses is due to the presence of microscopic chambers called
lacunae that hold the byproducts of photosynthesis, it can be expected that the
backscatter amplitude of the backscatter from the canopy would change as well. In
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addition, off-gassing, as was observed at one point in this experiment, produces air
bubbles on the surface of the plants, causing a higher backscatter backscatter
amplitude as well. Future deployments of acoustic instruments in seagrass canopies
should include PAR sensors to monitor this important variable.

Conclusion
This research demonstrates that:
1) Canopy and bottom detection using the methods from Chapters I and II (i.e.,
leading edge and last local maximum detection) are both possible when the
canopy is fully upright and when the canopy is fully deflected by currents.
2) Bottom detection methods using the maximum amplitude of a return will likely fail
to pick the bottom but rather pick within the eelgrass canopy when the canopy is
fully deflected by currents.
3) The posture of the eelgrass canopy significantly changes the shape of the
combined return from the seafloor and canopy. In particular, the skewness,
kurtosis and the location of the maximum amplitude vary significantly between
these two canopy end-member postures.
The conclusions drawn from this research have implications not only for
surveying the eelgrass canopy, but also for surveying the seafloor beneath the canopy.
If accurate bottom detection in areas of seagrass is required, this research points to the
best practice of surveying at low current speeds, such as at slack tide. Future work that
could be performed as a result of this study include a more detailed look at the
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correlation between canopy height and current speed (i.e., to investigate why the
relationship derived here did not fit the model of Luhar and Nepf) and using the echo
shape differences between upright and deflected canopies in a clustering algorithm.
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CONCLUSION
Primary Results

The research presented here developed, applied and verified new methods for
analyzing the full time series of acoustic intensity data (e.g., water column data)
collected by a multibeam echosounder to detect, map and characterize submerged
aquatic vegetation (SAV). Throughout this research, many scientists and resource
managers responsible for SAV mapping were consulted (e.g., at conferences,
workshops, etc.) to understand their data gaps and data needs. Many of these
professionals were reliant upon optical remote sensing data such as aerial or satellite
imagery, and many expressed frustration with the limitations of these datasets such as
the inability to see SAV when the water is turbid, the inability to see the “deep edge” of
SAV beds in optically-deep waters, and the inability to distinguish between SAV habitat
types (e.g., macroalgae vs. seagrass). Acoustic remote sensing techniques offer
solutions for detecting SAV in deeper and more turbid water because they are not
dependent on the transmission of sunlight through water. In addition, acoustic
techniques are important for developing high -quality bathymetric maps that’s can be
used for navigation and ecological or hydrodynamic studies.
This research focused on developing a new data processing method for
multibeam echosounder water column backscatter that can detect and characterize
eelgrass and macroalgae habitats. Existing commercially-available acoustic SAV-
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mapping systems typically use single-beam sonars and are based on the Submerged
Aquatic Vegetation Early Warning System (SAVEWS) processing methodology
developed by Sabol et al. (2002). Although these systems are capable of mapping SAV
under many conditions, this research proposed a processing methodology that
improved upon the existing methods by: 1) using more than a single acoustic beam per
ping, instead using roughly 40 beams per ping, increasing both the spatial coverage and
robustness of the SAV detection; 2) using the last local maximum peak in the seafloor
return rather than the absolute maximum of the entire return as the bottom detection
point, leading to more accurate bottom detection allowing for better canopy height
estimation; 3) accounting and correcting for the depth and slope of the seafloor, thereby
reducing false SAV detection, and; 4) showing a capacity for delineating between
eelgrass and macroalgae in diverse environments.
All three of the studies presented here focused on measuring the canopy height
of SAV. In each chapter, the same processing algorithm was used that created digital
terrain models (DTMs) from the leading edge detections of the seafloor/canopy returns
(analogous to the first returns in LiDAR data) and the last local maximum detections of
the seafloor/canopy returns from water column backscatter data within 20° of normal
incidence or nadir. A surface difference operation was then performed using these
DTMs, yielding a raster that, in areas of SAV, is a proxy for canopy height. In Chapter I,
these data were used to map areas of eelgrass as small as 1 m2 in area and as short as
20 cm in height. Chapter I showed that while canopy height is an accurate indicator of
eelgrass presence or absence, canopy height as measured in situ by a sonar does not
equal the blade length measured manually at the same location. This was attributed to
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the plants laying over due to currents, an effect that was further studied in Chapter III.
Chapter II successfully used the acoustic canopy height data collected at rocky subtidal
sites in the southern Gulf of Maine to delineate between areas of kelp-dominated and
non-kelp-dominated habitats. Areal mapping of macroalgae habitats as done here is a
significant improvement over current methods of habitat mapping that rely almost
exclusively on diver measurements with limited spatial extents due to the depth at which
these habitats are found. Finally, Chapter III describes an experiment consisting of a
stationary deployment of a multibeam echosounder over a dense eelgrass bed, which
also included current and video data collection for verification and to document the
natural variability of the measurement of acoustic canopy height with changes in current
velocities. Chapter III showed that as current velocities changed, the canopy height
could vary by as much as 30 cm over the same patch of eelgrass, and that the posture
of the canopy under high and low flow conditions changes the shape of the echo
returned from the canopy and seafloor. Chapter III also showed that when the canopy is
fully deflected by the currents, conventional bottom detection algorithms that use the
maximum amplitude of the entire seafloor/canopy return will most often pick within the
canopy itself rather than the true bottom; however, the leading edge detection remained
a good canopy detection point for both upright and deflected canopies.
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Recommendations for Best Practices for SAV Mapping and Bathymetric
Surveying using Acoustics
In the course of all three studies, several best practices for both bathymetric
surveying in areas of SAV and SAV mapping itself using acoustics were identified:
1) For both accurate seagrass canopy height measurements and accurate
bathymetric measurements, it is preferable to conduct surveys under low flow
conditions when the plants are as close to upright as possible. Chapter III
showed that when the seagrass canopy is fully deflected due to currents, the
maximum amplitude is within the canopy up to 90% of the time, and therefore
conventional bottom detection algorithms would likely produce inaccurate depth
measurements. Similarly, if the plants are upright, the measured canopy heights
will be closest to the actual blade length of the plants, giving the most accurate
measurements of the plants themselves.
2) For mapping SAV, acoustics should be used in optically-deep or turbid waters to
delineate the deepest edges of SAV beds. Chapter I showed that the
discrepancy between the deep edge as delineated from aerial imagery and from
the acoustic data was as much as 100’s of meters. Additionally, the bathymetric
measurements at the deepest edges provide the maximum depth limit of SAV
beds, as important in some water quality models and methodologies.
3) When mapping SAV, especially macroalgae growing in rocky complex
topography, survey lines should be run perpendicular to the slope. By running
perpendicular to the slope, one minimizes across-track specular sidelobe
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reflection artifacts that, even within 20° of vertical incidence, can cause false SAV
detections.
4) Whether the target of interest is the seafloor (i.e., bathymetric mapping) or a
submerged canopy (i.e., SAV mapping), it is worth the extra data storage
requirements to collect the full water column data in areas of SAV. Chapter III
demonstrated that conventional bottom detection algorithms that use the
maximum amplitude will not pick the bottom but rather within the canopy in areas
of dense or deflected seagrass. Collecting the full water column allows not only
for the implementation of other bottom detection methods, such as the last local
maximum as was explored in this dissertation, but also for a secondary use of
the data for mapping SAV. Although not explored in these studies, new multidetect capabilities in newer MBES systems may also perform similar alternative
bottom picking calculations that may prove useful in areas of dense SAV.

Future Work
Throughout this work, many lessons were learned about the inherent
complexities of canopy and seafloor characterization. These offer opportunities for
future research. Below are three recommendations for the most critical directions for
further improving and implementing the methods developed here for water column
backscatter for mapping SAV.
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Roughness Correction
An important assumption made in this work was that the substrate around and
beneath the eelgrass and macroalgae canopy was a smooth surface relative to the
footprint of each beam of the sonar. The effect of roughness on the length of the
returned echo from the seafloor is well known, such that seafloor characterization
algorithms use this important echo characteristic to identify areas of hard, rocky
substrate. Most seagrass does occur in sandy or muddy substrates, however, some
species (such as in the Phyllospadix genus) do occur in rocky subtidal areas.
A roughness correction would be of most use in the kind of macroalgae habitat
mapping performed in Chapter II. In this application, the lengthening of the waveform
from scattering due to seafloor roughness is convoluted with the lengthening of the
waveform due to volume scattering within the macroalgal canopy. Therefore, in the
future, a seafloor roughness correction factor should be applied along with a slope
correction to acoustically-measured canopy heights. An approach may be to
acoustically characterize surface roughness in nearby areas with no macroalgae, and
then using a match filter or autocorrelation function to identify this component of the
waveform. However, areas of bare rocky ledge habitat are not easily found in the
productive Gulf of Maine (areas characterized as bare substrate in this study were
almost always sand flats). Additionally, scattering mechanisms within macroalgal
canopies are not yet well understood, and therefore it may still be difficult to determine
what components of the waveform are from scattering due to the macroalgal canopy
and what components are a product of the substrate surface roughness.
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Macroalgae vs. Seagrass Automated Classification
When mapping eelgrass beds in estuaries, eelgrass abundance and spatial
extent can be inaccurately reported due to the presence of macroalgal species. In
Chapter I, areas of drifting macroalgae had two distinguishing characteristics: lower
canopy height and less scattering within the canopy than surrounding eelgrass bed. The
tail length of echoes within the macroalgae mat appeared to be shorter than the tails of
those within the eelgrass bed, an indicator of less scattering within the canopy itself.
Qualitatively, near-nadir data collected in Great Bay suggests that sonar traces in
eelgrass have significantly longer trailing ends or tails than sonar traces in macroalgal
mats.
Future studies could focus on testing the hypothesis that tail length is a robust
indicator for whether an acoustically-detected canopy is predominantly macroalgae or
eelgrass. In many seafloor characterization schemes for acoustic data, the shape of the
trailing end or tail of a seafloor return in a sonar trace is used as a proxy for the
roughness of the seafloor and the amount of scattering (Orlowski 1984). Such a
characterization scheme would be a very useful tool for validating acoustically-detected
eelgrass maps, as well as eelgrass distribution maps derived from aerial or satellite
imagery, such as is used by PREP in the Great Bay estuary.
Sidelobe Specular Reflection Artifacts
One persistent complication encountered when trying to detect an SAV canopy
using water column backscatter data from a multibeam echosounder is the presence of
sidelobe specular refection artifacts. These artifacts made definitive canopy detection
beyond 20° of nadir difficult, as the SAV canopy was convolved within the “rings” of
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these artifacts. In the rocky subtidal habitats of Chapter II, some along-track artifacts
(i.e., artificially high canopy heights) still remained present in the datasets, even after
slope correction. This is because the artifact was only partly due to the effects of slope
on the waveform length itself. Although the beams analyzed for canopy detections were
selected by incidence angle (+/-20° of vertical incidence), in areas without vegetation
and with high across-track slope, the leading edge or “first return” detections are
actually specular sidelobe reflections at the minimum slant range off nadir Therefore,
downslope of nadir, when the surface difference between the leading-edge detections
and the seafloor are calculated, the surface difference is greater than upslope of nadir.
In other applications that use water column backscatter data (e.g., wreck
detection), simple amplitude-threshold based filters can be used to remove these
specular sidelobe reflection artifacts. For example, when using water column
backscatter data to automatically detect shipwreck features, Wyllie, Weber, and
Armstrong (2015) used a filter that examines each set of range bins across all beam
angles and sets to zero any bin in which the amplitude is less than 20 dB below the
maximum amplitude found at the same range. However, the use of an amplitude filter is
not appropriate given that the relative amplitude of the typical returns from a
macroalgae canopy are not known. McGonigle et al. (2011) used a filter that recognized
and removed sidelobe reflections from water column backscatter data based on their
ping-to-ping persistence and shape, which distinguished them from reflections from
kelp. Future work may seek to implement other filtering techniques for removing
specular sidelobe reflections, such as those used by McGonigle et al. (2011).
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There are two different approaches that can be investigated in the future to avoid
sidelobe specular reflection artifacts. First, the across-track slope-induced sidelobe
artifact encountered in Chapter II is best avoided during the data collection steps. In this
study, multibeam data collection lines were run parallel to the bathymetric contours,
partly due to operational safety concerns in shallow rocky subtidal areas (e.g., abrupt
ledges, rock pinnacles, etc.). However, when safety permits, it is recommended for
future surveys intended to map canopy heights using water column backscatter data
from a multibeam sonar that survey lines be run perpendicular to the slope of the
bathymetric terrain whenever possible. By running survey lines perpendicular to the
slope, across-track specular sidelobe interference is largely avoided. Second,
beamforming techniques tuned to dampen sidelobes (e.g., array shading using various
filtering windows, adaptive beamforming) can be investigated to improve canopy
detection on the outer beams of a multibeam echosounder. Most of the acoustic data
collected in this dissertation within SAV beds included raw transducer element data,
providing a perfect first dataset for experimenting with these techniques.
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APPENDIX B
MB1 MULTIBEAM SONAR SYSTEM SPECIFICS
For all three of the studies that comprise this dissertation, the same multibeam
sonar system was used to collect data, the Teledyne Odom MB1. It is a small, compact
lower-cost multibeam system meant to be used on small vessels in shallow water
(Figure 57). The following is a description of the sonar hardware specifications and the
vertical and horizontal spatial resolution achievable by the system. Note that although
the system does have an internal motion sensor, this sensor is not discussed here;
below is a description of the sonar system only.

Figure 57: Multibeam transducer with attached sound speed sensor.
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First, a definition of resolution to guide the discussion of system specifics below.
Resolution is defined as the level of detail that can be distinguished in the recorded
echoes (Lurton and Lamarche 2015). Spatial resolution is therefore the length scale of
that level of detail; in the case of bathymetric measurements, this is defined as the
minimum distance between two targets in which they can be detected separately and
for backscatter, this is defined by the area insonified (Lurton and Lamarche 2015).
Temporal resolution is the capability of these instruments to distinguish between
moments in time and because arrival time is used to measure ranges in sonars using a
known sound speed, this speaks to their vertical spatial (range) resolution. The spatial
and temporal (range) resolution of the MB1 is controlled by the parameters listed in
Table 18.
Table 18: MB1 System Parameters.

System Parameter

MB1 specification

Value used in analysis

Frequency

170-220 kHz

200 kHz –used in data collection

Length of Tx array

4”

10.16 cm

Length of Rx array

6.25”

15.75 cm

Pulse Length

100-600 microseconds

All

Number of beams

10-512

120 – used in data collection

Beam Spacing

Equidistant or

Both

Equiangular
Type of signal

Continuous Wave (CW) Continuous Wave (CW)
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To determine the resolution of the MB1, a generic sound speed for saltwater
(1500 m/s) was used, and a water depth of 5m was used as most of the work discussed
in this document is conducted in water depths 1-10 m. All formulae used to calculate
expected range and spatial resolution are given in the following text and were calculated
in MATLAB.
Equidistant and equiangular beam spacings were calculated in Matlab to obtain the
steered angles. Teledyne Odom does not specify the transmitter or receiver
beamwidths, so they were calculated using the frequency, generic sound speed, and
array lengths using the following formula:
φ = 0.88 λ / L sec θ
Where φ is the beamwidth in radians, λ is the wavelength, L is the length of the array,
and θ is the steered angle.
The MB1 uses a continuous wave signal, and therefore the range resolution is
dependent on the pulse length. Specifically, the range resolution is dependent on the
effective duration of the signal; for a continuous wave pulse, such as the MB1, this is
the length of the pulse, τ, and for frequency-modulated signals, it is the inverse of the
bandwidth, B, which is the frequency range of the modulation. The two-way range
resolution for continuous wave signals, where c is the speed of sound, is then given by:
δz = cτ/2
Given the inverse relationship between bandwidth and pulse length for continuous wave
signals, higher frequencies lead to increased range resolution. The highest range
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resolution, at 50 microseconds, is 3.75 cm and the lowest, at 600 microseconds, is 45
cm.

Figure 58: Range resolution of the MB1 as a function of pulse length

The spatial resolution is constrained by the beam footprint. The along-track
extent of the beam footprint is determined by the beamwidth of the transmit array and
the across-track extent is determined by the beamwidth of the receive array which itself
is a function of the steering angle. For both equidistant and equiangular beam spacing,
the highest resolution is at nadir and the lowest resolution is on the outer beams. For
multibeam sonars, the spatial resolution is dependent on beamwidth and range, as well
at the steering angle. Also, the spatial resolution has different scales: the spatial
resolution within each individual beam (i.e., individual beam footprints), the spatial
resolution across the entire swath (i.e., across-track resolution), and the spatial
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resolution from ping to ping (i.e., along-track resolution). The spatial resolution within
each individual beam varies by steering angle and generally increases as distance from
nadir increases. The along-track resolution, Δalong, of a single steered beam within the
swath is a function of depth (i.e., minimum slant range) D, steered angle θ, and the -3dB
beamwidth of the transmit beam φt (IHO Manual on Hydrography):
Δalong = [2D/cos θ] tan(φt/2)
The across-track resolution, Δacross of an individual steered beam is a function of depth
D, steered angle θ, and the -3dB beamwidth of the receiver beam at that steered angle
φr (IHO Manual on Hydrography):
Δacross = [2d/cos2 θ] tan(φr/2)
The across-track resolution is also controlled by the beam spacing. However, if the
beam spacing is tighter than the beam footprints, there is no gain in resolution for
amplitude-based bottom detections but there can be an increase in resolution for phase
detections if the signal-to-noise ratio is high.
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Figure 59: Along-track extent of the beam footprints as a function of steered angle

Figure 60: Across-track extent of the beam footprints as a function of steering angles
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Figure 61: Distance between beams for both equiangular and equidistant configurations. Notice that the
distance between beams for both are considerably higher than the across-track extents of the beam
footprints, and therefore there is a high degree of overlap, and there is therefore no gained spatial
resolution from the tight beam spacing.

The spatial resolution of backscatter data for both single- and multibeam sonars
is controlled by the area insonified on the seafloor (Lurton and Lamarche 2015). This is
limited by either the beamwidth (‘long-pulse regime’) or the pulse-length (‘short-pulse
regime’), depending on the relationship between the -3dB beamwidth, the pulse length
and the depth. The transition across the range of incidence angles for a multibeam is
given by the expression:
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Where D is the depth and θ is the incidence angle. Near nadir, the signal insonifies the
entirety of the beam footprint at once and therefore the area insonified (A) is defined by
the across and along track extents of the beam footprint:

Where φ3dB is the -3dB beamwidth of the transmit beam,, and D is the depth. At oblique
incidence, the signal only insonifies portions of the beam footprint as the transmitted
pulse travels across the footprint, and extent of the area insonified in the along-track
direction remains as the along-track extent of the footprint while the across-track extent
is defined by the projection of the pulse length on the seafloor:

Where R is the oblique range to the seafloor, φ3dB is the -3dB beamwidth of the transmit
beam, θ is the incidence angle and τ is the pulse length (Lurton and Lamarche 2015).
Above 300 microseconds, all steering angles are in the long-pulse regime.
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Figure 62: Area insonified for each pulse length for the equiangular beam spacing
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Figure 63: Area insonified for each pulse length for the equidistant beam spacing

Within each beam time series, a bottom detection algorithm is performed to
determine the sample in time at which the seafloor is detected. The choice of bottom
detection is guided by the length of the echo, a function of the beam footprint which
increases with the degree with which a beam is steered from nadir. For near-nadir
beams, bottom detection is based on the amplitude of the echo, usually the weighted
mean time. On the outer beams, bottom detection is based on the zero crossing of a
split aperture phase difference operation. The novel amplitude detection algorithms
developed as part of this work were used primarily within 20° of nadir.
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The across-track sounding density for the entire swath is determined by the
beam spacing. With the MB1, the beam spacing can either be equiangular (beams are
steered at equally spaced angles) or equidistant (beams are steered such that the main
beams are evenly spaced on the seafloor); for this work, only the equiangular beam
spacing mode was used. The degree of overlap of individual beams will also affect the
independence of each bathymetry measurement. Beams will overlap if they are spaced
tighter than the beamwidth and this will affect the resolution of the system because two
beams may be measuring the same area of the seafloor (i.e., lower the resolution).
The along-track sounding density for a survey line is determined by the vessel speed
and the ping rate of the sonar. The optimal ping rate should be set so that the time
between transmissions is no longer than the time it takes to receive the echo from the
outermost beam, and the maximum vessel speed should be set so that the distance
travelled between two pings is shorter than the along-track width of the beam footprint
at nadir (i.e., the smallest beam) (Lurton, 2002).
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APPENDIX C
ANGLE OF INCIDENCE CORRECTION METHOD

Calculation and Application
For guidance on how to correct canopy heights measured from signal length
parameters, the LiDAR literature was consulted. Tree canopy height measurements
from LiDAR waveforms and points have been used for many years in the terrestrial
remote sensing world (e.g., Allouis, Durrieu, & Couteron, 2012; Fricker, Wolf, Saatchi, &
Gillespie, 2015; Hunter, 2014; Lee, Ni-Meister, Yang, & Chen, 2011; Lefsky, Cohen,
Parker, & Harding, 2002; W. Yang, Ni-Meister, & Lee, 2011; X. Yang et al., 2013).
Yang, Ni-Meister, & Lee, (2011) also were interested in the effects of slope and off-nadir
pointing angle on the measured canopy heights from LiDAR waveforms. Their study
approaches this problem from the perspective of improving a radiative transfer model
(i.e., Geometric Optical-Radiative Transfer model). The geometric relationships
developed between signal length, slope and pointing angle (Figure 65) are analogous to
those in the multibeam datasets collected for this work. The authors use a waveform
metric analogous to our measure of canopy height because it is a waveform metric
defined as the distance between the beginning of the vegetation return (i.e., the leading
edge, or first point at which the signal return increases above the background noise
level) and the last peak of the ground returns (i.e., last local maximum within the signal
return); this metric is referred to as RH100.
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Figure 64: LiDAR vegetation height metrics derived from a waveform collected on flat terrain (0⁰ slope)
and on a 36⁰ slope. (After Yang et al., 2011)

According to Yang et al. (2011), RH100 can be estimated as a product of the
slope (qp), LiDAR footprint diameter (R), actual vegetation height (H0), and the relative
angle between off-nadir pointing angle and the slope inward-pointing surface normal (g)
by the following equation:
𝑅𝐻100 =

𝐻- 𝑐𝑜𝑠𝜃2 𝑅
+ 𝑡𝑎𝑛𝛾
𝑐𝑜𝑠𝛾
2
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From this equation, we can derive a correction for RH100 to calculate the actual
vegetation height:

𝐻- =

𝑅
9𝑅𝐻100 − 2 𝑡𝑎𝑛𝛾; 𝑐𝑜𝑠𝛾
𝑐𝑜𝑠𝜃2

Figure 65: Simplified two-dimensional diagram demonstrating the relationships between slope angle, the
surface normal, measured and actual vegetation heights, and the angle of incidence of the sonar or
LiDAR beam.

In adapting this correction factor for use with multibeam sonar-derived
waveforms, the relative angle g is analogous to the angle of incidence (qi) derived from
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the depression angle of the beam at the seafloor (qd) and the slope surface normal (N)
in the direction of the beam, and the footprint diameter is analogous to the beam
footprint extent in the across-track direction (Δacross).
First, the across-track footprint extents are determined by the receiver beamwidth
for each beam, which is itself dependent on the steered angle. Teledyne Odom does
not specify the transmitter or receiver beamwidths, so they were calculated using the
frequency, generic sound speed and array lengths using the following formula (Hughes
Clarke, 2015):
ϕ = 0.88 λ / L sec j
Where ϕ is the receiver beamwidth in radians, λ is the wavelength, L is the length of the
receive array and j is the steered angle. The across-track resolution, Δacross of an
individual steered beam is a function of depth d, steered angle θ, and the -3dB
beamwidth of the receiver beam at that steered angle (IHO Manual on Hydrography):
BC

F
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Pouliquen (2004) discusses the depth-correction of normal-incidence echosounder
signals and its implications for seafloor characterization. The length of echoes returned
from the seafloor will be increased with increasing distance between the sonar and the
seafloor, as the footprint of the sonar on the seafloor increases with depth (Biffard,
Bloomer, Chapman, & Preston, 2010; Pouliquen, 2004). Therefore, any characterization
of the seafloor or near-seafloor vegetation that is based on the length of the returned
echo, as our canopy height measurements are, are depth-dependent, and should be
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corrected for this depth-dependence. Pouliquen (2004) proposes a simple calculation to
scale echo lengths to a reference depth:
𝑡G = 𝑡

𝐻′
𝐻

Where H is the depth at which the echo is recorded, H’ is the reference depth, t is the
recorded echo length and t’ is the corrected echo length. Note that, for this work, the
across-track footprint extent is dependent on depth, and therefore accounts for the
increase in footprint size (and therefore return signal length); the slope correction factor
therefore includes a depth correction, and this removes the need for scaling the signal
length to a standard depth as proposed in Pouliquen (2004).

Angle of Incidence Calculation
The angle of incidence is calculated using the depression angle of the beam at
the seafloor (qd), the vessel heading (α), and a digital terrain model of the seafloor, and
the x and y positions of the bottom detection points. This angle is calculated in three
steps. First, the beam direction vector, u, is calculated from the heading and depression
angles:
(𝑐𝑜𝑠 B ∝)(1 − 𝑠𝑖𝑛B 𝜃C )
𝑢 = JK (𝑠𝑖𝑛B 𝛼)(1 − 𝑠𝑖𝑛B 𝜃C ) Q
𝑠𝑖𝑛B 𝜃C
Next, the surface normal vector (N) at each of the bottom detection points are
calculated from the digital terrain model of the seafloor. The surface normal is
calculated by performing a bicubic fit in the x, y and z directions, computing diagonal
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vectors and crossing these vectors to find the normal vector at each vertex of the
surface (MATLAB documentation, 2018). Finally, the angle of incidence is calculated as
the arcsine of the inner product of the unit beam direction vector (u) and the surface
normal vector at the bottom detection point (N):
𝜃R = 𝑎𝑟𝑐𝑠𝑖𝑛 (𝑢T N)
Angle of Incidence Correction
The angle of incidence can now be substituted into the equation derived from
Yang et al. (2011) for a correction for acoustically-derived canopy heights (CHraw) for
off-nadir pointing angle and sloped terrain:

𝐶𝐻>@?? =

9𝐶𝐻?=V −

Δ=>?@AA
2 𝑡𝑎𝑛𝜃R ; 𝑐𝑜𝑠𝜃R
𝑐𝑜𝑠𝜃2

Where CHcorr is the corrected canopy height, qi is the angle of incidence, qp is the
seafloor slope at the bottom detection point, and Δacross is the across-track footprint
extent of the beam on the seafloor.
Tests of Angle of Incidence Correction
The angle of incidence correction was applied in areas of known slope and areas
of known vegetation.
Deep Edge of Great Bay (2015)
In Great Bay, eelgrass beds are limited at their deeper edges by the steep slope
from the mudflats into the tidal channels. In our surveys of the deep edge of the bay,
this slope is parallel to the vessel track, resulting in high along-track slope. This along-
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track slope tends to lengthen the echo from the seafloor and therefore increases the
surface difference between the leading edge and bottom detections. Initially, data were
processed without any compensation for this steep along-track slope. This can be seen
in Figure 66 in the increased surface difference as the vessel track comes off of the
mudflat and into the channel. Note that in Figure 68, which shows the difference
between uncorrected and slope-corrected data, that the surface difference decreased
with the application of the correction in the areas off the mudflats.

Figure 66: Uncorrected surface difference data from a portion of the deep edge of the western Great Bay
mudflats.
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Figure 67: Slope-corrected surface difference data from a portion of the deep edge of the western Great
Bay mudflats.
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Figure 68: Map of the differences between uncorrected and slope-corrected surface difference data from
a portion of the deep edge of the western Great Bay mudflats.

Nubble Light (2015)
One of the first datasets examined in which slope was suspected to cause
artificially increased canopy height measurements was the dataset collected for the
purpose of mapping macroalgal assemblages around Nubble Light in York, Maine. The
dataset was processed both without the applied slope correction (Figure 69) and with
the slope correction applied (Figure 70). Of particular interest was the sloped area
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highlighted in the magenta box in both figures, where canopy heights appear artificially
high because of the sloped terrain.

Figure 69: Uncorrected surface difference (e.g., ‘canopy height') map for the Nubble Light study area.
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Figure 70: Slope-corrected surface difference (e.g., ‘canopy height') map for the Nubble Light study area.
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Figure 71: Difference map of surface differences calculated with the slope correction and without the
slope correction.

Note that although the artifact is decreased in the highlighted sloped area in
Figure 70, it is still present. This is because the artifact is only partly due to the effects of
slope on the signal length itself. Although the beams for possible canopy detections are
selected by incidence angle (+/-20° of vertical incidence), in areas without vegetation
and with higher across-track slope, the leading edge detections are often picking up on
specular sidelobe reflections at the minimum slant range off nadir (Figure 73).
Therefore, downslope of nadir, when the surface difference between the leading-edge
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detections and the seafloor are calculated, the surface difference is greater than
upslope of nadir. For this reason, it was decided to attempt a simple filter to remove the
sidelobe specular reflections prior to leading edge detection.

Figure 72: Water column data and leading edge ('canopy'), last local maximum (‘bottom’) and MB1 bottom
detections from an area of across-track slope.
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Figure 73: Ray-traced and georeferenced leading edge ('canopy'), last local maximum (‘bottom’) and MB1
bottom detections from an area of across-track slope.

The filtering approach tested for removing specular sidelobe reflections was a
simple amplitude-based approach adapted from Wyllie, Weber and Armstrong (2015).
This approach examines each set of range bins across all beam angles and sets to zero
any bin in which the amplitude is less than 20 dB below the maximum amplitude found
at the same range. The Nubble Light dataset was processed once again using the
sidelobe suppression filter (Figure 76) and the artifact is no longer visible in the
highlighted slope area.
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Figure 74: Water column data and leading edge ('canopy'), last local maximum (‘bottom’) and MB1 bottom
detections from an area of across-track slope, with sidelobe suppression filtering applied.
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Figure 75: Ray-traced and georeferenced leading edge ('canopy'), last local maximum (‘bottom’) and MB1
bottom detections from an area of across-track slope. These detections were performed on data that had
sidelobe suppression filtering applied.
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Figure 76: Slope-corrected and sidelobe-suppression-filtered surface difference (e.g., ‘canopy height')
map for the Nubble Light study area.

However, the use of an amplitude filter may not be appropriate given that the
exact amplitude of the returns from macroalgae and eelgrass are not known. To test
whether the amplitude filter was affecting the possible canopy detections close to
vertical incidence, the difference between surface differences calculated within 10° of
vertical incidence with and without the sidelobe filter were themselves differenced
(Figure 77).
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Figure 77: Map of differences between surface difference data calculated from data using the sidelobesuppression filter and data not using the sidelobe-suppression filter.

The surface differences calculated within 10° of vertical incidence and sidelobe
suppression applied were, on average, 21 cm below those calculated without sidelobe
suppression and the median of these differences, was 9 cm and the standard deviation
was 34 cm. Note that on the map of differences between these two datasets (Figure
77), the larger widespread differences are located mostly along the outer edges of the
swath, as would be expected. The use of the sidelobe suppression filter was explored,
ultimately, for the other tests areas here (where eelgrass was the target of interest), it
224

was not used. It is recommended that, in future surveys of canopy height, to avoid these
effects of across-track slope and sidelobe interference, that survey lines be run
perpendicular to slope, rather than parallel to the slope as was done in this survey at
Nubble Light. This implication will be discussed further in later sections.
Sloped Area near Fort Foster (2015)
The slope correction was also tested on a sloped area off of Fort Foster and the
surface difference artifact in the area of across-track slope is lessened, but still present.

Figure 78: Uncorrected surface difference data for a sloped area off of Fort Foster.
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Figure 79: Slope-corrected surface difference data for a sloped are off of Fort Foster.
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Figure 80: Water column data from areas of slope (top right) and lack of slope (bottom left).
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APPENDIX D
SUPPLEMENTARY DATASETS FROM CHAPTER III
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Figure 81: Horizontal current velocity for morning tide on May 29th, 2016.

Figure 82: Vertical current velocity for morning tide on May 29th, 2016.
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Figure 83: Horizontal current velocity for afternoon tide on May 29th, 2016.

Figure 84: Vertical current velocity for afternoon tide on May 29th, 2016.
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Figure 85: Horizontal current velocity for morning tide on May 30th, 2016.

Figure 86: Vertical current velocity for morning tide on May 30th, 2016.
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Figure 87: Horizontal current velocity for afternoon tide on May 30th, 2016.

Figure 88: Vertical current velocity for afternoon tide on May 30th, 2016.
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Figure 89: Depth-averaged horizontal current speed and direction, and pressure data for the morning tide
on May 29th.

Figure 90: Depth-averaged horizontal current speed and direction, and pressure data for the afternoon
tide on May 29th.
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Figure 91: Depth-averaged horizontal current speed and direction, and pressure data for the morning tide
on May 30th.

Figure 92:Depth-averaged horizontal current speed and direction, and pressure data for the afternoon
tide on May 30th.
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